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Preface 

AIME 2026 arrived at a pivotal moment—as artificial intelligence in medicine was 
moving from a research frontier to a clinical reality, bringing extraordinary promise 
but also profound responsibility. It is our honor to welcome readers to the proceedings 
of the 24th International Conference on Artificial Intelligence in Medicine, held at the 
University of Ottawa, Canada, from July 7 to 10, 2026. 

Since its first edition in Pavia in 1985, AIME has provided an international forum 
for researchers working at the intersection of artificial intelligence, biomedicine, and 
healthcare. Over the last four decades, the field has moved from symbolic and knowledge-
based systems to machine learning, deep learning, multimodal modeling, large language 
models, and increasingly agentic AI systems. Yet the central concern of the AIME 
community has remained consistent: how to design, develop, evaluate, and responsibly 
use AI to better support clinical decisions, improve health systems, and provide better 
care for patients. 

AIME 2026 took place in Ottawa—Canada’s capital city and home to federal health 
agencies, national research councils, research hospitals and institutes, and a vibrant 
technology sector. The conference was co-hosted by the Telfer School of Management 
and the Faculty of Medicine at the University of Ottawa—one of Canada’s leading 
research universities and the world’s largest bilingual university. uOttawa is a core partner 
of the Ottawa Academic Health Network (OAHN) linking it with affiliated hospitals and 
research institutes. Telfer is also one of the few business schools in North America 
where health research is a core strategic pillar, training professionals to navigate clinical 
decision making, healthcare delivery, and policy—precisely the challenges at the heart 
of AIME. 

With 236 submissions from 53 countries, AIME 2026 became a record-setting North 
American edition and one of the most internationally diverse in the conference’s history. 
Submissions originated from Asia, Europe, North America, South America, Africa, 
and Oceania, demonstrating the growing global reach of the AIME community and the 
increasing importance of AI across health systems. 

For AIME 2026, the conference themes were organized into two broad areas: AI 
Foundations and Methodological Innovations and Applications, Systems, and Health 
Impact. Many submissions targeted subthemes of Language, Imaging, and Signal Intel-
ligence, followed byClinical AI and Decision Support Systems;Deployment, Evaluation, 
and Governance}; andPatient-Centered and Population-Level Applications.  The  volume  
and distribution of submissions covered the full spectrum of the field: clinical decision 
support, triage, and precision medicine; human-AI collaboration, trust, safety, and ethics; 
biomedical imaging and signal processing; and multimodal learning, generative AI, and 
foundation m odels.

To accommodate the record number of submissions spanning such a broad spectrum 
of topics, AIME 2026 introduced several changes to the review process. Reviewers 
indicated their expertise, and authors rated their papers against, the conference themes,
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improving reviewer matching; Senior Program Committee (PC) members took greater 
responsibility in overseeing the process. We followed a single-anonymous peer review 
process. Most papers received three reviews from the regular PC and one review from the 
Senior PC, who synthesized the reviews and provided a final recommendation. Of the 221 
papers sent for peer review, 30 full papers (20% acceptance rate), 21 short papers (18% 
acceptance rate), and 82 poster and demo papers were accepted. Authors of full and short 
papers were invited to present their work orally; poster and demo papers were presented 
across six poster sessions. To increase their visibility and accessibility, AIME 2026 
implemented fully digital poster presentations, including 60-second audio summaries. 
A final novelty was the introduction of a Journal-First track with presentations for recent 
journal papers, which exposed the AIME community to state-of-the-art results while 
also giving the authors broader visibility. 

We had the privilege of hosting two invited keynote speakers: Tal Arbel of McGill 
University, whose address on equitable, personalized, and image-based medicine empha-
sized that clinical AI must be trustworthy before it can be useful; and Muhammad Mam-
dani of Ontario Health and the University of Toronto, who challenged the community to 
close the gap between algorithmic performance and real-world impact. Additionally, a 
panel discussion brought together clinicians, researchers, and policymakers to address 
a central challenge: that the successful application of AI in medicine depends not only 
on model performance, but also on clinical acceptability, professional accountability, 
workflow integration, patient trust, and institutional governance. 

The tutorial and workshop programs complemented the main conference and covered 
interpretable, responsible, trustworthy, and privacy-preserving AI; imaging and signal-
based AI methods; AI applications in nursing, oncology, and public health; and the 
practical evaluation and implementation of AI. The Doctoral Consortium continued 
AIME’s commitment to doctoral training by providing feedback to six PhD students on 
their research programs in an informal setting. 

We sincerely thank everyone who made AIME 2026 possible: the authors, the Pro-
gram Committee and Senior Program Committee members, keynote speakers, panelists, 
tutorial and workshop organizers, Doctoral Consortium panelists, sponsors, institutional 
partners, volunteers, and the local organizing team. 

The question before us is no longer focused on whether AI is able to perform a task, 
but also how it should be evaluated, deployed, and governed, and how this can mean-
ingfully improve care. We hope that AIME 2026 contributed to these conversations and 
helped move AI in medicine from promising innovation toward responsible, trustworthy, 
and clinically meaningful practice. 

The AIME community has always believed that better science leads to better care. 
We left Ottawa more convinced than ever that our work matters, and that how we do it 
matters just as much as what we do. 

May 2026 Pavel Andreev 
William Van Woensel 

John Holmes 
Antoine Sauré
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Abstract. This paper examines how to maintain trustworthiness when integrating 
artificial intelligence into electronic health record information systems (EHR-IS). 
By using the National Institute of Standards and Technology (NIST) AI Risk 
Management Framework as a conceptual lens, we synthesize literature on data-
quality attributes and identify operational practices that uphold fairness, security, 
robustness, and governance. Our findings show that AI both amplifies upstream 
data weaknesses and offers mechanisms to strengthen data quality. We propose 
guidelines for developers and implementers in sustaining trustworthy AI-enabled 
EHR-IS environments. 

Keywords: Artificial Intelligence · Data Quality · Electronic Health Records 

1 Introduction 

Electronic health record information systems (EHR-IS) capture extensive patient infor-
mation, and the integration of artificial intelligence (AI) into these systems promises 
substantial improvements in clinical decision-making, patient outcomes, and operational 
efficiency. However, current EHR environments face persistent data quality (DQ) chal-
lenges, including heterogeneous data sources, inconsistent formats, duplication, missing 
context, and variable documentation, that undermine reliable use of AI [1]. Existing DQ 
frameworks do not adequately address AI-specific risks such as bias, multimodality, 
model drift, and lack of explainability [2]. Conversely, governance frameworks like 
NIST AI-RMF outline trustworthiness requirements-namely fairness, security, robust-
ness and governance, but leaves implementers without actionable guidance [3]. Our paper 
bridges these gaps by proposing guidelines that incorporate AI-specific safeguards with 
imperatives to maintain foundational DQ attributes. 

2 Background and Approach 

The literature on DQ identifies key attributes of accuracy, objectivity, credibility, con-
cordance, completeness, timeliness, relevancy, accessibility, interpretability and acces-
sibility [2]. By linking NIST trustworthiness concepts to concrete DQ practices, this
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framing provides a practical foundation for designing and maintaining trustworthy clin-
ical AI (Table 1). Within this framing, the NIST AI-RMF defines fairness as detect-
ing, measuring, and mitigating harmful bias through representative data and consistent 
measurement. Security focuses on protecting confidentiality, integrity, and availability 
via strong defenses, adversarial resistance, continuous monitoring, and resilient oper-
ations. Robustness requires maintaining valid, reliable performance across conditions 
by accounting for uncertainty, drift, noise, and edge-case behavior. Governance pro-
vides the oversight, structures, and documentation needed to sustain fairness, security, 
and robustness throughout the AI lifecycle [3]. We begin with a targeted review of the 
literature on AI integration within EHR-IS. We retain peer-reviewed English-language 
publications (2020–2025) that explicitly engage with at least one DQ attribute. The query 
returns 266 unique works, excluding duplicates. We then code the literature using NIST 
concepts as analytic categories, examining how reported practices and challenges relate 
to sustaining trustworthiness in these settings. 

Table 1. DQ Affected - NIST Concept & Operational Practices – from our review 

DQ Attributes Affected NIST Concept & Operational 
Practices 

Expected Outcomes 

Completeness, Objectivity, 
Concordance 

Fairness: Subgroup audits, 
semantic harmonization, 
representative sampling 

Reduced inequitable 
outcomes 

Integrity, Accessibility Security: Encryption, federated 
learning, zero-trust 

Protected data flows 

Accuracy, Timeliness, 
Sequencing 

Robustness: Drift monitoring, 
anomaly detection, multimodal 
consistency checks 

Reliable performance 

Credibility, Interpretability Governance: Documentation 
standards, workflow alignment, 
oversight committees 

Sustained accountability 

3 Findings and Discussion 

The integration of AI reshapes DQ by amplifying upstream weaknesses and increasing 
dependence on complete, structured, and well-governed inputs. Accuracy and objectivity 
degrade when data is incomplete, biased, or inconsistently measured, causing AI to prop-
agate errors [4] and magnify bias [5], while credibility is undermined when data sources 
are unvalidated [6]. At the same time, AI can strengthen intrinsic DQ by detecting anoma-
lies and correcting errors [7, 8] and by standardizing heterogeneous inputs [9]. Reliable 
inference depends on completeness, timeliness, and sequencing, requiring current data, 
accurate temporal ordering [10, 11], and safeguards against drift [12]. AI may enhance 
relevance by prioritizing clinically meaningful information and reducing subjective vari-
ation through harmonized documentation [9, 13, 14]. However, interpretability remains
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fragile in the absence of semantic clarity or explanations aligned with clinical workflows 
[15, 16]. Concordance depend on structural consistency across multimodal data sources 
[17, 18], and resilient infrastructures must include secure interoperable architectures [6, 
14, 19, 20]. 

3.1 Effective Management of Bias (Fairness) 

Maintaining fairness requires proactive mechanisms to detect, measure, and mitigate 
harmful bias throughout the AI lifecycle. Ensuring representative and complete datasets 
is foundational, as incomplete or skewed data can produce inequitable outcomes [4, 
9]. Fairness also depends on identifying and correcting bias arising from imbalanced 
or inconsistently measured inputs [5]. Documentation practices must be harmonized 
to reduce subjective variation that disproportionately affects underrepresented groups 
[13, 14], while semantic clarity and meaningful labeling help prevent misinterpretation 
across populations [15, 16]. Structural consistency across multimodal data sources is 
equally essential to avoid inequitable model behavior [17, 18]. Finally, federated learning 
supports fairness by enabling access to more representative datasets while limiting the 
exposure of sensitive subpopulations [21, 22]. 

3.2 Preserving Confidentiality, Integrity, and Availability (Security) 

Security requires building AI systems capable of withstanding threats, vulnerabilities, 
and malicious interference while preserving confidentiality, integrity, and availability. 
Core practices include implementing secure access controls, encryption, and auditing 
to protect data integrity and prevent unauthorized manipulation [20]. Ensuring resilient, 
distributed infrastructures strengthens availability under operational stress or adversarial 
conditions [19]. Security also depends on federated learning, which reduces exposure 
risks by keeping sensitive data decentralized [21, 22]. Furthermore, the literature under-
scores that maintaining interoperability is essential for secure cross-institutional data 
exchange [14], while timely and consistent workflows help prevent integrity failures 
and operational vulnerabilities [6]. 

3.3 Ensuring Validity and Reliable Performance (Robustness) 

Robustness requires ensuring that AI systems perform consistently and reliably across 
varying conditions, data distributions, and operational contexts. This begins with detect-
ing anomalies and correcting errors to maintain valid outputs [7, 8]. Preventing model 
drift through current, complete data is essential for sustaining reliability over time [12]. 
Robust inference also depends on accurate sequencing metadata and temporal ordering, 
which preserve the integrity of event relationships [10, 11]. Standardizing heterogeneous 
inputs ensures consistent model behavior [15, 16], while maintaining structural consis-
tency across multimodal data prevents degradation in edge-case or complex scenarios 
[17, 18]. It is also imperative to detect mismatches and inconsistencies to further support 
concordant, reliable data inputs [14].
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3.4 Sustaining Oversight, Accountability, and Lifecycle Control (Governance) 

Fig. 1. Guidelines for Maintaining Trustworthiness in AI-enabled EHR-IS

Governance provides the organizational foundation that enables fairness, security, 
and robustness to be sustained across the AI lifecycle. Effective governance begins with 
the validation and verification of data sources to mitigate credibility risks [6] along-
side the enforcement of standards for complete, current data and documentation [4, 
9]. Harmonizing documentation practices and clinical workflows supports consistent, 
auditable processes across institutions [13, 14]. Governance also requires aligning sys-
tem explanations with clinical workflows to promote transparency and accountable use 
[9]. Maintaining interoperability frameworks enables responsible cross-institutional data 
flows [14], while the implementation of secure access controls, encryption, and audit-
ing mechanisms embeds security within institutional oversight [20]. Finally, governance 
structures, audit mechanisms, and training programs help ensure accountability across 
clinicians, developers, data stewards, and institutions [23]. 

4 Conclusion 

As AI becomes embedded in routine clinical operations, maintaining trustworthiness 
will depend on institutional capacity to operationalize DQ-driven governance across the 
AI lifecycle (Fig. 1). Nevertheless, limitations to this study include the non-exhaustive, 
English-only literature sample, which may omit relevant evidence. Future work should 
validate these principles empirically and extend them across diverse clinical settings and 
data ecosystems.
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Abstract. This article examines how transformational leadership and cultural 
intelligence (CQ) shape regulatory compliance in the pharmaceutical and medical 
device industries. Compliance, defined here as the sustained organizational capac-
ity to meet regulatory standards through culture and conduct rather than procedural 
adherence alone, is increasingly challenged by the demands of Compliance 4.0— 
an era in which human behavioral governance and automated algorithmic oversight 
must operate in tandem. Despite alignment with international standards, under-
reporting persists, limiting organizational learning. Using a convergent mixed-
methods design—three semi-structured interviews with senior leaders overseeing 
MENA-region corporations and a structured questionnaire (N = 50)—findings 
show that compliance variation correlates with leaders’ capacity to model ethical 
behavior and navigate culturally shaped views of authority. AI-assisted analy-
sis supports risk detection but cannot substitute for human judgment and cul-
turally informed leadership. The study acknowledges its exploratory scope and 
small qualitative sample, and positions its contribution as generating theoretically 
grounded hypotheses for larger-scale investigation. 

1 Introduction 

Compliance in pharmaceutical and medical device companies is a basic requirement 
for patient safety and market integrity. In a global sector valued at roughly $1.6 trillion 
(Statista, 2024), standards such as GMP and ISO 13485 define the regulatory floor—yet 
a persistent gap between regulation and implementation consistently traces to leader-
ship style and organizational culture rather than technical deficiency [1]. Compliance 
4.0 describes the current governance era in which organizations must simultaneously 
manage human behavioral risks and automated algorithmic systems, recognizing that the 
majority of compliance failures still originate in human decisions rather than technical 
malfunctions [2]. 

The scale of the problem is measurable. FDA data show a 20% rise in data-integrity 
Warning Letters, signaling systemic management breakdown [3]. Punitive enforcement 
compounds this: up to 40% of workers in high-pressure roles suppress quality concerns 
to avoid consequences, normalizing risk rather than addressing it [3]. In multinational

© The Author(s), under exclusive license to Springer Nature Switzerland AG 2027 
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corporations, these failures deepen when compliance expectations override local cul-
tural norms [4]. This study therefore examines how transformational leadership and CQ 
together shape compliance outcomes, and where AI-assisted tools can meaningfully 
support—without replacing—governance. 

2 Literature Review 

Compliance scholarship has shifted from a legalistic to a behavioral framing of organiza-
tional integrity. Tyler [5] argues compliance is sustainable only when perceived as fair and 
legitimate; Weske et al. [6] link standardized procedures to patient outcomes. Bass and 
Riggio [7] established transformational leadership as the primary driver of “compliance 
citizenship”; Abou Abbas [8] applies this to pharma, finding employees follow leaders’ 
ethical vision over abstract mandates, while Edmondson [3] shows why silence cultures 
cause even robust frameworks to fail. Ang and Van Dyne’s [9] CQ framework demon-
strates that regulatory adherence is frequently undermined by cultural friction. CQ’s four 
dimensions—metacognitive, cognitive, motivational, and behavioral—equip leaders to 
adapt across contexts; metacognitive CQ is especially critical in MENA pharmaceutical 
governance, where relational business norms can obscure the boundary between pro-
fessional engagement and undue influence [8]. Leadership sets the ethical climate; CQ 
ensures it holds across cultural complexity. Vataman et al. [10] show AI shifts risk assess-
ment from reactive to predictive; Geertshuis [11] notes AI-leveraging leaders make more 
consistent decisions. The Pfizer ($2.3B, 2009) and Acadia ($19.85 M, 2024) settlements 
illustrate how leadership disconnect translates into sanction and patient harm [12, 13]. 

3 Methodology 

This study employs a convergent mixed-methods design, selected to triangulate statistical 
risk patterns with lived leadership experience. 

Scope and Limitations: The sample is purposive and exploratory. Findings are not 
intended to generalize to the full industry but to generate theoretically grounded propo-
sitions for larger-scale testing—an appropriate scope for a mixed-methods pilot in a 
complex regulatory domain [14]. 

The qualitative component comprised three semi-structured interviews with senior 
leaders overseeing MENA-region corporations (5–10+ years’ experience), covering 
leadership dynamics, psychological safety, and AI-enabled governance; analyzed using 
grounded theory following Braun and Clarke [15], with codes developed inductively 
and verified through member checking [16]. The quantitative component surveyed 50 
compliance professionals; a Composite Risk Index was constructed by multiplying mean 
perceived likelihood (%) by mean impact (1–4 Likert scale) per domain, following estab-
lished ERM taxonomy [17]. This multiplicative approach weights domains by both fre-
quency and severity, enabling comparative prioritization. Data were processed in SPSS; 
Pearson correlations assessed relationships between risk dimensions. Informed consent 
and anonymity were maintained throughout.
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4 Results 

4.1 Quantitative Risk Mapping 

General Compliance (132.2) and HCP Interactions (126.5) ranked highest, followed by 
Promotional Activities (112.8); Data Integrity, Training, and AI-Specific Risks clus-
tered at medium levels (Table 1). A strong Impact–Consequence correlation (r = 0.52, 
p < 0.001) confirms severity, not frequency, drives compliance prioritization; the non-
significant Likelihood–Consequence correlation (r = 0.18, p = 0.214) reinforces this 
(Table 2). These moderate-to-strong correlations are consistent with an exploratory study 
and support the direction of the theoretical model without claiming confirmatory power 
(Table 3). 

Table 1. Composite Risk Index by Domain (N = 50) 

Risk Domain Likelihood (%) Impact (1–4) Composite Level 

General Compliance 47.2 2.8 132.2 HIGH 

HCP Interactions 40.8 3.1 126.5 HIGH 

Promotional Activities 38.9 2.9 112.8 HIGH 

Training Adequacy 36.4 2.7 98.3 MEDIUM 

Data Integrity 32.6 2.9 94.5 MEDIUM 

AI-Specific Risks 33.5 2.8 93.8 MEDIUM 

Table 2. Correlation Analysis Between Risk Dimensions 

Correlation Pearson’s r Sig. Interpretation 

Likelihood – Impact 0.40 p < 0.001 Moderate positive 

Likelihood – Consequence 0.18 p = 0.214 Not significant 

Impact – Consequence 0.52 p < 0.001 Strong positive 

4.2 Qualitative Themes 

Table 3. Participant Profiles 

ID Role Experience Region 

IO1 Senior Compliance Officer 5+ yrs MENA / Regional 

IO2 Compliance Director 10+ yrs Middle East & Europe (MENA) 

IO3 Head of Ethics & Compliance 8+ yrs Global (MENA oversight)
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Theme 1 Leadership as Compliance Driver 

IO3: “Trust and tone from the top… leadership shows all employees how compliance 
should be top down.” 

This theme emerged from codes clustered around authority modeling, ethical signal-
ing, and reporting norms across all three interviews. Participants uniformly identified 
leadership tone as the primary compliance determinant, aligning with Bass and Riggio 
[7] on transformational leadership and Edmondson [3] on psychological safety. The 
convergence across participants—despite their different regional contexts—strengthens 
confidence in this theme despite the small sample. 

Theme 2 CQ and High-Risk Interaction Areas 

IO2: “Grants are of high risk because they could be used as a kind of influencing HCPs 
to prescribe or use company products.” 

Codes related to cultural ambiguity, relationship-based risk, and boundary management 
concentrated in this theme. HCP interactions, grants, and promotional activities were 
the most difficult domains to govern—precisely where CQ matters most. Leaders lack-
ing metacognitive CQ are more likely to normalize ethical drift in relationship-based 
business contexts [8]. Tyler’s [5] procedural justice framework explains why rules lose 
force when perceived as culturally illegitimate rather than contextually grounded. 

Theme 3 AI as Supportive Tool: Managerial Perception 

IO1: “AI will play a role in analyzing data… it’s very hard to rely on AI to run a 
compliance program on its own, as it relies on human data entry and does not verify data 
authenticity.” 

This theme reflects how compliance managers perceive AI, not an evaluation of imple-
mented AI systems. Codes in this theme captured cautious optimism, data dependency 
concerns, and human oversight requirements. Findings are consistent with Vataman 
et al. [10] and Geertshuis [11]: AI enhances monitoring capability but cannot replace 
ethical judgment or CQ-informed interpretation. Effective AI deployment requires lead-
ers who can configure and contextualize outputs across culturally distinct regulatory 
environments. 

5 Discussion and Conclusion 

Taken together, the quantitative and qualitative findings show that compliance risk is fun-
damentally a behavioral and relational problem. The Impact–Consequence correlation (r 
= 0.52) shows severity drives resource allocation more than frequency—a pattern with
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direct implications for how compliance programs should be designed and prioritized. 
Transformational leadership and CQ operate as equally important governance pillars: 
leadership sets the ethical climate; CQ ensures it functions across cultural complex-
ity. This distinction is especially consequential in MENA contexts, where hierarchical 
dynamics and relational norms shape how authority and risk are perceived, and where 
metacognitive CQ determines whether leaders recognize early-stage ethical drift before 
it becomes a regulatory event. 

AI tools add value for risk detection but are limited by data quality and the cultural 
competence of those interpreting their outputs. The study’s AI findings reflect manage-
rial perception rather than system evaluation, a limitation that opens the door to future 
empirical work within MENA regulatory environments, where cultural specificities may 
expose limits in tools designed for other contexts. The combined framework of trans-
formational leadership, CQ, and AI-assisted monitoring offers a governance model that 
is both evidence-based and actionable to multinational compliance challenges. 
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Abstract. Systematic literature reviews are central to evidence synthesis but 
remain resource-intensive due to screening and data preparation demands. Large 
language models (LLMs) offer opportunities to improve efficiency while maintain-
ing transparency, but PRISMA-aligned implementations of LLM content screen-
ing remain limited. Using a cardiovascular methodological case study, we devel-
oped a PRISMA-aligned first-pass workflow integrating automated deduplication, 
abstract retrieval, LLM-assisted title–abstract screening, and manual validation. 
This structured approach reduces manual workload in early review stages while 
supporting scalable and auditable systematic review workflows. 

Keywords: Atrial fibrillation · Generative Artificial Intelligence · Multimodal 
risk stratification · Large Language Models (LLMs) · PRISMA Framework · 
Systematic Literature Review 

1 Introduction 

Systematic reviews support evidence synthesis, yet early-stage screening remains 
resource-intensive. Large language models (LLMs) may improve efficiency, but repro-
ducible PRISMA-aligned implementations remain limited [1–4]. In this case study in 
atrial fibrillation literature, we asked: What is known about multimodal data for iden-
tifying patients at risk of persistent atrial fibrillation? Multimodal prediction remains 
heterogeneous with modest performance [5–8], while early identification is important 
[9–11]. We developed a reproducible PRISMA-aligned workflow integrating automated 
preparation, LLM screening, and consensus validation for academic community. 

2 Methodology 

2.1 Information Sources and Search Strategy 

Search queries were adapted to database-specific indexing in PubMed, Scopus, and IEEE 
Xplore to capture atrial fibrillation, multimodal analysis, and disease progression. Full 
search strings are provided in the Supplementary Materials.

© The Author(s), under exclusive license to Springer Nature Switzerland AG 2027 
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2.2 Deduplication and Metadata Preparation 

A Python-based deduplication pipeline consolidated records sharing identical DOIs. 
For records without DOIs, duplicates were identified using a ≥ 90% similarity threshold 
across normalized title, first author, and publication year, yielding 10,930 unique entries. 
Metadata were standardized and missing abstracts recovered through API queries (Cross-
Ref, PubMed, OpenAlex, Semantic Scholar, Europe PMC), followed by cleaning and 
validation. The finalized dataset was exported to SQLite for s creening.

2.3 Automated Title–Abstract Screening with LLM 

Model Setup. Title–abstract screening was automated using the DeepSeek-R1-Distill-
Qwen-14B model deployed locally through LM Studio (v0.3.14). The model was loaded 
in GGUF format (Q8_0 quantization, 15.7 GB, Qwen2 architecture) and accessed 
through an OpenAI-compatible HTTP API using a Python 3.11.5 client. Runtime param-
eters included a 16,384-token context length, GPU utilization, 24 CPU threads, and a 
batch size of 512, with deterministic inference enforced by fixing temperature to zero. 
Quoted evidence was validated against source text to prevent unsupported rationales, 
and decision fields were normalized using predefined categories and confidence bounds. 
Validated outputs were stored in SQLite as an auditable log. Processing 10,930 records 
required 30 h. Runtime scaled proportionally with dataset size under fixed hardware. 
Full code and prompts are provided in the Supplementary Materials. 

Prompt Structure and Instructional Design. Eligibility criteria were encoded directly 
into the prompt, requiring studies to (1) include adults with atrial fibrillation, (2) use 
multimodal data defined as integration of at least two distinct sources, and (3) address 
progression to persistent atrial fibrillation or early treatment. The model returned struc-
tured outputs consisting of five predefined fields. Screening Outcome recorded eligibil-
ity classification (Include, Exclude, or Potentially Eligible). Coded Reason for Decision 
was selected from a predefined taxonomy to standardize classifications. Quoted Ratio-
nale extracted short verbatim phrases from the title or abstract as supporting evidence. 
Structured Rationale provided a brief explanation linking evidence to eligibility rules. 
Confidence Score recorded relative certainty (0–1) for logging and troubleshooting, not 
as a calibrated probability (Fig. 1). 

Fig. 1. Screening and Eligibility Decision Workflow
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Manual Validation. To evaluate classification reliability, a stratified validation sam-
ple was drawn from the 10,930 screened records, of which 829 (7.6%) were labeled as 
Include or Potentially Eligible. Because of the low prevalence of included records, 100 
LLM-Included and 400 LLM-Excluded records were selected using simulation-based 
sample sizing, with post-stratification weights applied to reflect dataset distribution. 
Three human reviewers independently screened sampled records in pairs, with disagree-
ments resolved by a third reviewer serving as arbiter. Agreement between LLM and 
human classifications was evaluated using Cohen’s κ with bootstrap confidence inter-
vals. Treating Include and Potentially Eligible as screening-positive classifications, the 
LLM achieved κ = 0.835 (95% CI: 0.769–0.896). Among 76 human-labeled inclusions, 
all were identified (sensitivity = 1.000), with 24 false positives and no false negatives 
(specificity = 0.943). Positive predictive value was 0.760, negative predictive value was 
1.000, and F1 = 0.864, with positive and negative agreement of 0.864 and 0.971. False 
positives mainly reflected ambiguous descriptions of multimodal methods, with no con-
sistent patterns among exclusions. Among 40 Potentially Eligible records, 22 (55%) 
were confirmed as inclusions and 18 (45%) as exclusions (Table 1). 

Table 1. Confusion matrix comparing LLM classifications with consensus human labels. 

Human Include Human Exclude Total 

LLM Include or Potentially Eligible 76 24 100 

LLM Exclude 0 400 400 

Total 76 424 500 

3 Findings 

3.1 Dataset Flow 

The search strategy across PubMed, Scopus, and IEEE Xplore retrieved 14,550 records, 
yielding 10,930 unique entries after deduplication. Among these, 441 records lacked 
abstracts; 107 were recovered, while 334 remained unavailable. All records were 
retained, as classification could proceed using titles when abstracts were missing. Of the 
10,930 screened records, 479 (4.4%) were classified as Include, 350 (3.2%) as Poten-
tially Eligible, and 10,101 (92.4%) as Not Eligible. Most records were excluded at the 
abstract stage, reducing downstream manual review requirements (Fig. 2). 

3.2 Practical Considerations 

Large-scale screening required customized workflows, as few open-source tools sup-
port datasets of this size. Reliable metadata normalization and abstract recovery were 
necessary to maintain consistent input quality. Several design principles supported sta-
ble performance, including structured eligibility rules, predefined output categories,
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Fig. 2. PRISMA flow diagram 

deterministic settings, and required evidence from source text. The introduction of a 
Potentially Eligible category improved efficiency by directing manual review toward 
borderline cases while preserving relevant studies. These principles support reproducible 
large-scale screening workflows and may be applied to other systematic review settings 
(Table 2). 

Table 2. LLM pipeline features and use cases in the study. 

Feature Use Case in the Study 

Short illustrative examples embedded in 
rules 

Prompts included brief positive and negative 
examples to anchor decisions, such as 
“multimodal fusion model…” (Include) and 
“ventricular tachycardia…” (Exclude). 

Eligibility criteria defined using fixed 
rule-based logic 

Records were classified only when all required 
elements were present, following rules such as 
“assign if the article addresses all required 
conditions.” 

Required direct text evidence from 
abstracts 

The model extracted short verbatim phrases (2–5 
snippets) from titles or abstracts to justify each 
classification decision. 

Output constrained to predefined 
categories 

Decisions were restricted to three outcomes: 
Include, Exclude, or Potentially Eligible. 

Deterministic inference configuration Model temperature was fixed at zero to prevent 
randomness and ensure identical outputs across 
runs. 

4 Conclusion 

This study demonstrates that large-scale, LLM-assisted screening of bibliographic 
datasets is feasible when reproducibility, transparency, and structured eligibility rules 
are integrated into workflow design. Within this framework, large language models func-
tion as rule-bound assistants that provide consistent, auditable first-pass classifications 
while preserving the central role of human reviewers. This methodological case study
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was limited to title–abstract screening with the human in the loop; sensitivity testing 
using alternative prompts or methods was outside the scope of this work. Future work 
will extend this workflow to full-text screening, enabling PRISMA-aligned eligibility 
confirmation and structured extraction of key study characteristics and bias domains. 

Supplementary Material 

GitHub repository containing the database search strategies and all code used throughout 
the project: https://github.com/olenaholubai/prisma-llm-af. 
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Abstract. Rare but critical clinical events such as in-hospital cardiac 
arrest (IHCA), unexpected ICU transfer, rapid clinical deterioration, 
or hospital readmission remain challenging targets for machine-learning 
models due to extreme class imbalance and high false-positive costs. 
Recent advances in large language models (LLMs) enable reasoning over 
unstructured clinical narratives, but their direct use for prediction is lim-
ited by bias and lack of calibration. 

We present an ongoing research framework inspired by the Low-
Prevalence CORrector for Prediction method (LPCORP, provisional 
patent filed) that combines LLM-generated clinical reasoning with a 
lightweight correction model to improve rare-event prediction without 
resampling. We describe the methodology, provide results on rare-event 
medical prediction tasks, and discuss implications for interpretability, 
cost-aware decision support, and safe deployment in clinical settings. We 
provide a cost reduction analysis that quantifies the return from preven-
tive measures compared to post-factum damage control. 

Keywords: Rare-event prediction · Clinical decision support · Large 
language models · Cost-sensitive learning · Machine Learning · 
Artificial Intelligence · Reasoning · Clinical Notes

1 Introduction 

Rare but critical clinical events are low-prevalence outcomes with high clinical 
and operational impact. Extreme class imbalance and high false-p ositive costs
limit existing prediction models and contribute to alert fatigue.

This work focuses on unstructured clinical notes, which capture contextual 
and anticipatory signals often missed by structured data but are difficult to 
exploit in low-prevalence settings. We evaluate the proposed method across mul-
tiple domains, including in-hospital cardiac arrest (IHCA), a rare event affecting 
only 1–4% of hospitalized patients, where early intervention can substantially
reduce morbidity, mortality, and cost, as well as a hospital readmission predic-
tion within 30 days after discharge.
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We propose a two-stage reasoning-enhanced framework that leverages large 
language models (LLMs) to analyze clinical narratives and applies a balanced 
outcome correction stage to mitigate bias in rare-event prediction. In the second 
stage we use and compare Logistic Regression (LR) and a simple Multi-Layer 
Perceptron (MLP). Our evaluation of standalone LR, MLP, and LLM predictors 
showed, that all baselines consistently underperformed LPCORP across metrics. 
Standalone LR and MLP models trained directly on the task achieved low er
performance, indicating that the LLM contributes additional predictive signal.
We evaluated several open-weight reasoning LLMs with ∼7–10B parameters and
report results using the best-performing model. Its relatively small size enables
deployment of LPCORP in a local environment.

Performance is assessed using cost-aware analysis to estimate the net bene-
fit of prediction-guided in terventions, aligning evaluation with clinical decision-
making priorities.

2 Related Work 

Rare-event prediction under extreme class imbalance is known to make standard 
accuracy metrics misleading and precision highly sensitive to false positives [1], 
motivating cost-sensitive evaluation aligned with decision impact [2]. In health-
care, models for events such as in-hospital cardiac arrest (IHCA) often rely on 
structured data and early warning systems, achieving high sensitivity but pro-
ducing excessive false positives and alert fatigue [3]. 

Unstructured clinical notes provide additional contextual signal beyond 
structured data, but note-based approaches remain difficult to calibrate in low-
prevalence settings. State-of-the-art large language models (LLM) offer strong 
reasoning capabilities ove r such narratives, yet their direct use for prediction is
limited by bias and lack of calibration.

This work builds on our prior framework for reasoning-enhanced rare-ev ent
prediction with balanced outcome correction [4], which reframes prediction as 
correctness assessment. We adapt it to clinical decision support using unstruc-
tured notes and evaluate it through cost-aware analysis. Further discussion of 
rare-event prediction, c hallenges associated with highly imbalanced data, cost
evaluation, and applications in the medical domain can be found in [4–12]. 

3 Method  

We propose LPCORP, a two-stage framework addressing low-prevalence pre-
diction challenges, such as majority-class dominance, and enhancing predictive 
capacity using features deriv ed from LLM reasoning over clinical notes toward
the target outcome.

Stage 1: Reasoning. Given input x, an LLM produces reasoning R(x)  and  
a tentative label C(x) (conclusion) using structured prompting. The reasoning
trace provides enriched representation without fine-tuning.



20 V. Bulgakov and A. Turchin

Stage 2: Correction. Let G ∈  {0, 1} denote the ground-truth label and define 
the correctness indicator 

S =  1{C(x)  =  G}. 
A logistic regression (LR) or another conventional machine learning model is 
trained to predict S using features derived from the combined text of clinical 
notes x and the corresp onding reasoning R(x), and is applied to the same com-
bined representation at inference. Thus, LR estimates the correctness of the LLM
output rather than the outcome itself.

Let Ŝ ∈ [0, 1] denote the predicted probability of correctness. Applying a 
threshold p, the final prediction is 

ŷ = C(x) 1{ ̂S ≥ p} +  (1  − C(x)) 1{ ̂S  <  p} 

We define TPR(p)  =  Pr(ŷ =  1  | y = 1); TNR(p) = Pr(ŷ = 0 | y = 0), and select
p by minimizing a cost function:

p∗ = arg min
p

C TPR(p),TNR(p) .

4 Prediction-Driven Cost Reduction 

As this study addresses rare-event prediction, where post-event damage control 
is substantially more expensive than preventive intervention, the objective is cost 
reduction rather than conventional prediction metrics. The proposed formulation 
does not require absolute cost values and depends only on the cost ratio k =
Ci/Ce, where Ci is the intervention cost and Ce is the event cost.

Starting from the return definition 

Return  =  (Cb − Cost)/Cb 

where Cb denotes the baseline cost and Cost the cost under prediction-guided 
intervention, and omitting intermediate derivation for brevity, we obtain 

Return = R e E − k

Pr
,

where Re is recall, Pr is precision, and E is the efficacy of prevention.

5 Experiments 

We conducted an extensive numerical study to evaluate the performance of 
LPCORP on multiple rare-event prediction tasks. Due to space constraints, we 
present here results for two hospitalization-related tasks using data from large 
clinical datasets: prediction of 30-day patient readmission (PR30) and predic-
tion of in-hospital cardiac arrest (IHCA) within next 6 h. The data for PR30
were collected from the MIMIC-IV dataset discharge notes and for IHCA from



Reasoning-Enhanced Rare-Event Prediction 21

MIMIC-III notes and procedures tables, both available through PhysioNet. In 
both cases, 10,000 admissions were randomly sampled from the database. After 
the LLM reasoning stage, this number was slightly reduced due to some unsuc-
cessful reasoning outputs. In the correction stage, the data were split into train-
ing and test sets in an 80/20 ratio, and all evaluations were performed on the test 
set. In the correction stage we compared performance of two “traditional” mod-
els - Logistic Regression (LR) and a simple Multi-Layer Perceptron (MLP) as a
representative of the neural network. In the IHCA case the pseudo-IHCA times
were sampled from the empirical time-to-IHCA distribution to ensure temporal
alignment across cases.

For cost-reduction evaluation, we used the Return formulation introduced 
above with k =  0.02, corresponding to an intervention cost equal to 2% of the 
event cost, and set E = 1 for simplicity. In both tasks, we evaluated metrics 
across differen t probability thresholds P ranging from 0.5 to 0.9. In the tables
presented, we report results corresponding to the optimal value of P in each
case.

Figure 1 and Fig. 2 show that logistic regression (LR) outperformed the MLP 
in terms of return in the correction stage, suggesting that a simpler linear 
model was sufficient for this step. In the PR30 task, this resulted in up to 42%
cost reduction when preventive measures were applied based on the predictions.
Figure 3 presents the results for the IHCA case. The improvement over the base-
line LLM predictions after applying the correction step is smaller than in the 
previous setting, but still substantial. The optimal threshold P is 0.9, which 
is substantially higher than in the earlier example. This can be explained by 
the very low prevalence (0.02). In such highly imbalanced settings, the data are 
overwhelmingly composed of negative cases, so even a small false positive rate
leads to a large number of false positives. Increasing the threshold mitigates this
effect, improving precision and overall performance.

Fig. 1. Prediction metrics and Return for PR30 at threshold P = 0.5 with LR corrector. 
Prevalence = 0.2
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Fig. 2. Prediction metrics and Return for PR30 at threshold P = 0.5 with MLP cor-
rector. Prevalence = 0.2 

Fig. 3. Prediction metrics and Return for IHCA at threshold P = 0.9 with LR correc-
tor. Prevalence = 0.02 

6 Conclusion 

LPCORP combines LLM-based reasoning with a correction stage to improve 
rare-event prediction. The results demonstrate consistent performance gains 
and substantial cost reduction compared to the baseline cost. Despite relatively 
low precision and recall, the method achieves significant cost savings in low-
prevalence settings, reflecting the strong asymmetry between event and interven-
tion costs. In such scenarios, cost-aware evaluation provides a more appropriate 
measure of utility than standard classification metrics. The proposed method 
offers a natural approach to addressing the challenges of highly imbalanced data. 
The first stage, based on LLM reasoning, does not require training and is there-
fore largely insensitiv e to class imbalance. The second stage, which involves train-
ing, addresses a different and more balanced task. These results confirm that the
performance gains arise from the integration of LLM reasoning with supervised
correction rather than from either component alone. The method can be used in
local settings and does not require cloud-based or centralized infrastructure.
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Abstract. Heart disease mortality necessitates accurate and interpretable diag-
nostic tools. This study optimizes a Long Short-Term Memory (LSTM) network 
for heart sound classification via GridSearchCV and Bayesian optimization. Grid-
SearchCV achieved a balanced clinical profile (89.04% accuracy, 84.09% sensitiv-
ity), while Bayesian optimization maximized specificity (92.68%) at the expense 
of sensitivity (71.59%). To ensure clinical transparency, SHAP and LIME were 
integrated. SHAP identified global critical features (S1 and S2 means), while 
LIME provided patient-specific, local interpretability. The integration of rigor-
ous optimization with Explainable AI validates network behavior and enhances 
clinical trust in automated diagnostic support systems. 

Keywords: Explainable AI (XAI) · Hyperparameter Optimization · Heart 
Sound Classification · Phonocardiogram (PCG) · Cardiac Diagnostics 

1 Introduction 

Heart diseases are a primary cause of global mortality [1], making early detection through 
heart sound analysis crucial. However, distinguishing normal from abnormal phonocar-
diogram (PCG) signals is highly complex [2]. While manual auscultation remains the 
gold standard, its inherent subjectivity demands extensive clinical experience. Conse-
quently, machine learning (ML) is increasingly utilized to provide robust, objective 
automated alternatives for classification [3]. 

Recent studies have successfully applied 1-dimensional Convolutional Neural Net-
works (1D-CNN) [4] and Artificial Neural Networks (ANN) [5] to classify these sounds 
using features like Mel-Frequency Cepstral Coefficients (MFCC). Despite their high 
accuracy, these models frequently suffer from limited transparency, hindering clinical 
trust. To address temporal dependencies, Long Short-Term Memory (LSTM) networks 
have proven highly effective for sequential PCG analysis [6], particularly when lever-
aging time- and frequency-domain features like the Discrete Wavelet Transform (DWT)
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[7]. Maximizing LSTM performance requires rigorous hyperparameter optimization to 
avoid overfitting and ensure generalization. 

Fig. 1. Block diagram of the proposed methodology 

Therefore, this study proposes an optimized LSTM network for robust heart sound 
classification, driven by two main contributions. First, GridSearchCV and Bayesian 
approaches are rigorously applied to the LSTM architecture to achieve significant perfor-
mance improvements over baseline models. Second, the study integrates SHAP (SHapley 
Additive exPlanations) and LIME (Local Interpretable Model-Agnostic Explanations) to 
interpret the model’s decision-making process. While similar integrations of SHAP and 
LIME exist in prior literature, this work provides a uniquely structured, comparative anal-
ysis of their outputs specifically applied to hyperparameter-optimized LSTMs for car-
diac diagnostic support. These contributions demonstrate the critical interaction between 
advanced optimization techniques and explainable AI in building reliable clinical tools. 
The block diagram of the complete model is shown in Fig. 1. 

2 Methodology 

2.1 Dataset, Segmentation, and Feature Extraction 

This study utilizes the 2016 PhysioNet/CinC Challenge [8] dataset, comprising 3,126 
recordings. The dataset’s inherent class imbalance is mitigated via robust evaluation 
metrics rather than explicit data resampling. Signals were denoised using a third-
order Butterworth band-pass filter (25–200 Hz). Following the approach established 
by Springer et al. [9], an extended hidden semi-Markov model (HSMM) enhanced with 
logistic regression was implemented to accurately segment the first and second heart 
sounds. Finally, features were extracted by applying the DWT to each RR interval (the 
time elapsed between consecutive R-waves) to capture mean and standard deviation 
coefficients, alongside MFCCs to capture spectral variability. 

2.2 LSTM Architecture and Optimization Strategy 

This study utilizes a Long Short-Term Memory (LSTM) neural network to effectively 
model the complex temporal dependencies within the extracted PCG signal features 
[10]. Rather than relying on static, empirical configurations, the network’s hyperparam-
eters were systematically tuned to maximize diagnostic support capabilities. Two dis-
tinct frameworks were employed: GridSearchCV, which executed an exhaustive search 
over a discrete predefined parameter space to ensure a balanced diagnostic profile,
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and Bayesian Optimization, which utilized a probabilistically guided sequential search 
designed specifically to maximize the model’s F1-score. This dual-optimization strategy 
enables a rigorous comparison of performance trade-offs. 

Table 1. Benchmark with previous studies in (%). 

Author Dataset Accuracy Recall Specificity F1-Score 

Bozkurt et al [13] PhysioNet [8] 81.5 84.5 78.5 

Potes et al [14] PhysioNet [8] – 94.24 77.81 

Alkhodari et al [15] PhysioNet [8] – 92.78 79.48 

Proposed Exp 1. PhysioNet [8] 86.88 90.91 86.25 65.31 

Proposed Exp 2. PhysioNet [8] 89.04 84.09 89.82 67.58 

Proposed Exp 3. PhysioNet [8] 89.81 71.59 92.68 65.62 

2.3 Explainable AI (XAI) and Evaluation Metrics 

To ensure clinical interpretability, this study employs LIME and SHAP [11, 12]. SHAP 
provides global feature importance based on cooperative game theory, ensuring additive 
consistency across the dataset. Conversely, LIME approximates the model’s behavior 
locally using simpler surrogate models around specific predictions. These established 
frameworks are applied to the optimized LSTM to provide both population-level valida-
tion and patient-specific diagnostic explanations. Furthermore, to address the dataset’s 
inherent class imbalance without explicit data resampling, model performance is strictly 
evaluated using the F1-score and balanced accuracy, ensuring reported capabilities 
accurately reflect true clinical proficiency. 

3 Results and Discussion 

Optimization Results and Clinical Trade-Offs: The baseline LSTM (Exp. 1) yielded 
86.88% accuracy and 90.91% sensitivity but low precision (50.96%). GridSearchCV 
(Exp. 2; 32 units, 0.001 LR, batch 64) produced a highly balanced profile (89.04% accu-
racy, 84.09% sensitivity, 67.58% F1-score). Bayesian Optimization (Exp. 3; ~49 units, 
0.0039 LR) achieved the highest accuracy (89.81%) and specificity (92.68%), but sen-
sitivity dropped to 71.59%. Because sensitivity is paramount for anomaly detection, 
GridSearchCV provides a safer primary screening profile. The Bayesian model is better 
suited as a secondary, confirmatory tool to rule out false positives. 

Table 1 benchmarks these results against three baselines [13–15] evaluated on the 
exact PhysioNet dataset. Direct comparison is limited as prior studies inconsistently 
report metrics (frequently omitting F1-scores) and heavily prioritize recall over speci-
ficity. Despite this, Exp. 2 achieves a highly competitive, balanced clinical profile. For 
example, while ensemble methods [14] reach 94.24% recall, they suffer from poor 
specificity (77.81%). Conversely, Exp. 2 delivers superior balanced diagnostic support, 
improving specificity to 89.82% while maintaining a robust F1-score of 67.58%.



Explainable AI-Driven Optimized LSTM for Heart Sound Classification 27

Explainability Analysis: To ensure both individualized and population-level trans-
parency, the complementary outputs of LIME and SHAP were compared. LIME provides 
local, patient-specific interpretability; its output confirms that specific feature thresholds 
(e.g., S2_mean_dM04 > 0.74) drive an abnormal prediction for an individual patient 
(Fig. 2a). Conversely, SHAP provides a global perspective, validating the network’s 
overall logic across the entire dataset (Fig. 2b). A comparative analysis of their insights 
reveals a strong physiological consensus: the specific features LIME isolates as critical 
for individual abnormal cases are the exact same features SHAP validates as universal 
markers for anomaly detection. Ultimately, LIME serves as an individualized clinical 
explanation tool, whereas SHAP provides broad model validation. 

Fig. 2. (a) Lime explanations for Abnormal case. (b) SHAP summary plot showing global feature 
contributions. 

Strengths and Limitations: The primary strength is integrating rigorous hyperparam-
eter optimization with dual XAI frameworks, bridging predictive accuracy with clinical 
transparency. However, limitations exist: (1) evaluation is constrained to the imbalanced 
PhysioNet dataset, requiring future cross-dataset validation; (2) the Bayesian model’s 
severe sensitivity drop restricts it to secondary screening; and (3) the feature reduction 
suggested by SHAP requires empirical validation through targeted retraining on the 
reduced subset. 

4 Conclusion 

This study optimized an LSTM network for heart sound classification, achieving over 
89% accuracy and demonstrating robust diagnostic support capabilities. GridSearchCV 
yielded a balanced clinical profile, whereas Bayesian optimization maximized specificity 
at the expense of sensitivity. Furthermore, SHAP and LIME frameworks successfully 
enhanced model transparency by isolating critical physiological markers driving the 
predictions. Future work includes validating computational savings via SHAP-reduced 
feature retraining and model compression for real-time edge deployment.
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Abstract. Recent advances in large language models (LLMs) show 
strong medical reasoning, yet evaluations rely on static cases and 
multiple-choice questions that miss the complexity and iterative nature of 
clinical decisions. We propose DiagBench, a benchmark where models 
interact with an LLM-based Patient Simulator to gather clinical details 
and form diagnoses. We also introduce MedConvBench, a diagnos-
tic conversation benchmark to assess the relevance and quality of model 
reasoning. Finally, we present VAIDYA, a modular, medically grounded 
framework that mirrors a physician’s stepwise diagnostic process. 

1 Introduction 

Recent LLM advances have improved multi-turn reasoning and medical QA per-
formance, but differential diagnosis (DDx)—which requires iterative hypothesis 
refinement through targeted questioning—remains underexplored. Effective DDx 
depends not only on final accuracy but also on asking relevant follow-up ques-
tions and adapting reasoning over time, motivating evaluation in realistic con-
versational settings. Current approaches face three key limitations: reliance o n
domain-specific training data that risks overfitting, lack of standardized bench-
marks for conversational diagnosis, and poor alignment with established medical
reasoning processes, limiting interpretability and clinician trust.

To address these gaps, we propose VAIDYA, a modular, medically grounded 
agentic framework that emulates stepwise clinical reasoning. VAIDYA consists 
of a History Taker for structured information elicitation, a Diagnosis Maker for 
hypothesis refinement through symptom and etiological analysis, and a Diagnosis 
Termination module that synthesizes evidence into a final diagnosis. This design 
enables LLMs to iteratively query patient information and progressively narrow 
diagnostic possibilities. We also introduce two benchmarks for evaluation. Diag-
Bench simulates realistic multi-turn diagnostic s cenarios using curated clinical
cases and assesses the final diagnostic accuracy. MedConvBench evaluates
the quality and completeness of model-generated diagnostic questions against
clinician-identified gold standards. Empirical results show that VAIDYA signifi-
cantly outperforms baseline LLMs on DiagBench and MedConvBench.
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Our main contributions are a s follows:

1. We propose VAIDYA, a medically grounded and modular framework that sub-
stantially enhances the clinical-reasoning capabilities of LLMs, consistently
outperforming the baseline systems.

2. We introduce the Diagnosis Benchmark (DiagBench), comprising of clinically 
verified diagnostic scenarios d esigned to assess the diagnostic accuracy.

3. We introduce the Medical Conversation Benchmark (MedConvBench), a clin-
ically validated dialogue-based evaluation suite designed to assess the qualit y
and relevance of questions asked during conversational diagnosis.

2 Methodology 

Fig. 1. Overall flow of VAIDYA. 

2.1 VAIDYA 

Each clinical role in the workflow (Fig. 1) is implemented as an independent LLM 
module with a role-specific system prompt, keeping VAIDYA model-agnostic. 
The framework consists of three components:

History Taker (HT). The first round gathers a detailed understanding of the 
patient’s primary symptoms, including onset, severity, and triggers/relievers [6]. 
Based on the responses, symptoms are classified as systemic or localized.

Diagnosis Maker (DM). This module performs the differential diagnosis across 
mu ltiple rounds using three specialists:

1. Anatomical Specialist : Localizes the anatomical source of symptoms.
2. Symptomatological Specialist : Identifies associated or co-existing symptoms.
3. Etiological Specialist : Conducts stepwise reasoning to determine the most 

plausible underlying cause (e.g., infectious, inflammatory, metabolic).
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In the second round, the framework selects the Anatomical or Symptoma-
tological specialist based on symptom classification. All subsequent rounds are 
handled by the Etiological Sp ecialist. After a total of five rounds, it either con-
cludes the diagnosis or requests further clarification.

Diagnosis Termination (DT). Using the full dialogue history, this module pro-
duces the final d iagnostic reasoning in a single round.

2.2 Diagnostic Assessment Setup 

DiagBench. DiagBench contains 1,000 clinically validated scenarios designed to 
simulate real-world clinical decision-making. Each case includes a patient profile 
(age, gender), chief complaint, detailed case study (e.g., co-existing conditions, 
past history), and the expected diagnosis. During evaluation, the model first
sees only the chief complaint, then interacts with the patient through follow-up
questions to reach a diagnosis.

We construct DiagBench from three sources: (a) 167 curated patient– 
physician dialogue cases from Fareez et al. [3]; (b) 500 cases from DDXPlus [2], 
preserving physician questions and patient responses; and (c) 333 reformulated
diagnostic questions from MedQA [5]. All cases were reviewed by 20 licensed 
physicians (MDs, ≥3 years of practice) to remove ambiguity and correct errors.

Fig. 2. The distribution of cases across medical domains for DiagBench 

Figure 2 shows the distribution of cases across medical domains, highlight-
ing meaningful representation in neurology, gastroe nterology, dermatology, and
reproductive health.

MedConvBench. MedConvBench comprises the first 500 cases from Diag-
Bench and evaluates whether a model asks the clinically relevant questions
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needed to reach the correct diagnosis. For each case, a set of expected ques-
tions is defined along with corresponding importance scores.

The cases are drawn from Fareez et al. and DDXPlus, where existing physi-
cian questions are treated as expected questions. Each case was independently 
reviewed by three domain-expert clinicians to ensure clarity and clinical valid-
ity. Clinicians could also add important questions not present in the original set.
Questions were scored as follows:

1. Score 1 : Critical for establishing or ruling out the diagnosis or determining 
treatment; omitting it would significantly impair the assessment.

2. Score 0.5 : Supportive but not strictly necessary for diagnosis or treatment
planning.

3. Score 0 : Irrelevant to diagnosis or treatment; such questions are remov ed from
the benchmark.

3 Experiments 

We use an LLM-based patient simulator built from DiagBench vignettes. The 
simulator provides concise, vignette-faithful responses to mo del questions. GPT-
4o is used to implement the simulator.

3.1 Experimental Settings 

Models/Agents. We compare the following two frameworks in our evalua-
tion. (1) Vanilla LLM: To ensure a fair comparison with VAIDYA, we imple-
ment a vanilla LLM agent that interacts with the Patient Simulator over mul-
tiple turns, maintains the full conversation history, and produces a diagnosis 
based  o  n this context. (2) VAIDYA: A model-agnostic framework that fol-
lows a multi-specialist architecture as described in Sect. 2.1. Both Vanilla LLM 
and VAIDYA are benchmarked on six off-the-shelf LLMs: Qwen3 8B, Qwen2.5-
72B [8], MedGemma 27B [4], Deepseek V3.1 [1], gpt-5, o4-mini [7] 

Datasets. We evaluate on two datasets. DiagBench assesses final diagnostic 
accuracy using GPT-4.1: a score of 1 is assigned if the predicted diagnosis is 
clinically identical to the ground truth or if the core disease is correctly identified 
with only minor secondary omissions that do not affect prognosis or treatment, 
while a score of 0 is assigned for incorrect diagnoses or major etiological errors. 
MedConvBench:  Let  E = {e1,  .  .  .  ,  eN} denote the set of expected questions 
for  a  case,  and  let wi ∈ {0.5, 1} be the weight assigned to ei. Let ri ∈ {0, 1}
indicate whether a semantically matching agent question is identified for ei (as
evaluated by GPT-4.1). The normalized case score (S) is computed as

S =
N
i=1 wiri
N
i=1 wi

.
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3.2 Results 
DiagBench. Table 1 presents a comparison of the diagnostic performance of 
various LLMs against VAIDYA. VAIDYA (gpt-5) achieves the highest diagnos-
tic accuracy at 72.5% showcasing a 21.7% improvement, outperforming all other 
models. The effect is pronounced among open-source models as well: Qwen3 8 B
and MedGemma 27B yield an absolute improvement of 9% and 15.9% respec-
tively. When comparing across frameworks

Table 1. DiagBench Scores 

Model Vanilla VAIDYA 

Qwen3 8B 38.4 47.4 
MedGemma 27B 37.5 53.4 
Qwen2.5 72B 45.1 51.5 
Deepseek V3.1 48.6 52.8 
o4-mini 53.8 62.5 
gpt-5 50.8 72.5 

Table 2. MedConvBench Scores 

Model Vanilla VAIDYA 

Qwen3 8B 0.410 0.512 
MedGemma 27B 0.403 0.509 
Qwen2.5 72B 0.386 0.557 
Deepseek V3.1 0.393 0.582 
o4-mini 0.519 0.602 
gpt-5 0.526 0.75 

MedConvBench. Here the score is averaged over 500 samples and is repo rted
out of 1. Table 2 presents the performance of Vanilla LLMs against VAIDYA. 
As with DiagBench, VAIDYA (gpt-5) achieves the highest score of 0.81, giving 
a 23.4% improvement. As evident from Table 2, VAIDYA was able to uplift the 
performance of all the LLMs with a staggering 21.9% increase for Deepseek V3.1
and 18.9% observed in the case of Qwen 2.5 72B.

4 Conclusion 

We presented VAIDYA, a modular framework that enhances clinical reasoning in 
LLMs by emulating physicians’ step-wise diagnostic process. We introduce two 
new benchmarks: DiagBench and MedConvBench, which measure the accuracy 
and clinical alignment of the differential diagnosis produced by conversational 
medical agents. With the rise of RL-based training methods, these benchmarks
offer natural opportunities for outcome and process-based reward signals respec-
tively.
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Abstract. Given the limited understanding of the clinical validity and impact of 
artificial intelligence (AI)-enabled tools in sports cardiology, this research presents 
a systematic review that synthesizes the evidence on AI-based detection / monitor-
ing of arrhythmias in athletes. Following the PRISMA guidelines, we searched five 
databases (Embase, Medline, CINAHL, Scopus, SportDiscus) using terms related 
to AI, athletes, and arrhythmias. English-studies, assessing AI for arrhythmias 
detection/monitoring in athletes were included. Two researchers independently 
extracted the data (89% agreement); discrepancies were resolved by consensus. 
Twelve studies (2015–2025) were identified, collectively reflecting relatively low 
evidence level (8/12 non-randomized, non-comparative designs). Sample sizes 
ranged from 6 to 535 with ages 7–60 years. All studies assessed arrhythmias 
using electrocardiograms. The studies focused primarily on endurance athletes, 
with limited reporting on training intensity, exercise duration, and comorbidity 
data. Machine learning (5 studies) and deep learning (4 studies) models were 
mostly used; 66% did not describe model training/validation. 10 studies (83%) 
reported improved diagnostic performance (e.g. higher detection accuracy), and 
2 studies (17%) indicated workflow benefits (e.g., less time consuming, remote 
data view), but none reported statistical significance. Evidence on AI-enabled 
arrhythmias detection in athletes remains early-stage and heterogeneous, limited 
by non-comparative designs and incomplete reporting of participants and mod-
els development/validation. Future studies should employ rigorous designs and 
assess clinical/statistical significance, patient-centered outcomes, and real-world 
implementation. 

Keywords: Artificial intelligence · Arrhythmias · Athletes · Systematic Review 

1 Introduction 

While exercise improves cardiovascular health, athletes may be at higher risk for arrhyth-
mias as strenuous exercise can produce this condition [1]. Arrhythmia is defined as an 
abnormality in heart electrical activity, resulting in tachycardia or bradycardia [2]. It
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may present in different forms which vary in causes/severity [1–3]. Failing to detect it 
can be life-threatening, and misdiagnosing it can lead to unnecessary treatment [1, 2]. 
As most athletes are often asymptomatic, screening becomes critically important [2]. 
Existing methods for screening athletes for arrhythmias are limited in terms of their sen-
sitivity/specificity [4]. Internationally, the 12-lead electrocardiogram (ECG) is the most 
effective screening tool [1, 4]. More recently, artificial intelligence (AI) has been pro-
posed as a method to support the detection/monitoring of arrhythmias given its potential 
to enable large scale population-based screening, and improve diagnostic accuracy and 
early detection [5]. A growing body of literature has examined the effectiveness of AI 
for detecting/monitoring arrhythmias in the general population [5]. Nevertheless, there 
has been less focus on athletes, despite its potential benefits for this group. Hence, we 
present the preliminary results of a systematic review that aims to evaluate and synthe-
size the evidence on AI use for the detection and monitoring of arrhythmias in athletes 
and addresses the following question: “What is the effectiveness of AI in the detection 
and monitoring of arrhythmias in athletic populations?”. 

2 Methodology 

Following the Preferred Items for Systematic Reviews and Meta-Analysis (PRISMA) 
guidelines [6], we developed a search strategy, in consultation with a librarian, covering 
the domains of AI, athletes and cardiac arrhythmias. We applied it across five databases 
(Embase, Medline, CINAHL, Scopus, SportDiscus), from journal inception to April 7, 
2025. Examples of search terms included “arrhythmias”, “artificial intelligence”, and 
“athletes”, using Boolean operators (e.g., and/or). Following the Population, Interven-
tion, Comparison, and Outcome (PICO) criteria, eligibility criteria were established: 
full-text articles, in English, evaluating AI for arrhythmias detection and monitoring in 
athletes (all ages and performance levels). We excluded articles on participants not per-
forming organized sports/physical activity, not using AI, nor focusing on arrhythmias 
detection. The search yielded 2,288 articles; 529 duplicates were removed. Titles and 
abstracts screening produced 46 articles for full text review. Of these, 37 were excluded 
(16 and 17 not reporting on AI and athletes, respectively). Reference lists of all eligible 
articles were screened for additional relevant studies; three were added, yielding a total 
of 12 studies included in this review (Fig. 1). A coding scheme was used to extract 
relevant information from the studies (e.g., population characteristics, AI use, Impacts 
of AI models). Two researchers independently extracted the data (89% agreement). 
Disagreements were resolved by consensus. 

3 Results 

Most studies used non-randomized intervention designs (no control groups) [3, 4, 7–12], 
with a few cohort [1, 13], case report [14], and AI-model training/validation studies [2]. 
Participants’ characteristics varied (e.g., sample sizes: [6–535], participants; mean age: 
[7–60.4] years). Limited information was presented on comorbidities, sport type/level, 
exercise duration, and arrhythmia type. Two types of AI models were applied: machine 
learning (ML) (5 studies), and deep learning (DL) (4 studies); three studies did not
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Fig. 1. PRISMA Flow Chart 

specify a model type. Of the studies employing ML, nine algorithms were used (e.g., 
support vector machine (SVM), decision tree, K-nearest neighbours, probabilistic neu-
ral network, random forest, and supervised learning). For DL, generative adversarial 
network (GAN) and artificial neural network (ANN) models were used. The AI models 
were trained using cross validation techniques [3, 12], dataset split [2, 13], and external 
validation [12]; 66% did not describe the training used. Comparison across AI models 
was performed in only two studies [2, 3]. Multiple ML model types were compared, 
with SVM performing best (e.g., correctly classified 210/246 instances of premature 
ventricular beats) [3]. GAN performed slightly better than ANN models (i.e., 97.02% 
vs. 96.10% accurate arrhythmias classification) [2]. 

Most studies reported improvements in diagnostic performance (e.g., improved 
detection/diagnostic accuracy of arrhythmias in 10 studies [1–4, 7, 9, 10, 12–14]); how-
ever, none assessed statistical significance. To confirm diagnostic accuracy, most studies 
had a physician review the participants’ ECG results [1, 3, 4, 13, 14] or assessed accu-
racy by measuring sensitivity/specificity [2, 10, 12, 13]. Two studies discussed potential 
false positive results for sports that require upper body movement (e.g., due to motion 
artefacts) or when athletes had higher heart rates [4, 9]. Only 2 studies reported positive 
impacts of AI on clinical workflow, but remained anecdotal (i.e., reduced time burden 
and facilitation of remote data access for physicians) [4, 10]. 

4 Discussion 

Research on AI use for detecting/monitoring of arrhythmias in athletes is early stage 
with varying level of evidence. In line with the literature on the general population [5, 
15], our findings show that AI is promising for improving arrhythmia detection in ath-
letes and supporting clinical workflows. Ten studies suggest positive impacts on detect-
ing/diagnosing arrhythmia in athletes, but statistical and clinical significance lacks. We
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recommend that future research apply statistical methods to assess ECG accuracy and 
validity/reliability of the differences in diagnostic performance between AI-models and 
human interpreters. Beyond accuracy, assessment of patient outcomes (e.g., hospitaliza-
tion, mortality) with AI-enabled arrhythmias detection/monitoring can inform planning 
and preparedness in large sports events and resources optimization. 

There was little consistency in model selection/training/validation strategies and 
reporting standards. Guidelines exist to guide the reporting of AI research (e.g., SPIRIT-
AI for intervention trials), which recommend reporting on components like clinical 
rationale, model training/validation, and ethics and reproducibility [16]. Future studies 
should follow these guidelines to ensure research quality, validity and reproducibility. 
We call on peer-reviewed journals to require transparent and standardized reporting for 
rigor, reproducibility, and research advancement in this area. Last, the wide range of 
ML algorithms applied suggests lack of consensus on the optimal analytical approaches 
for the athletic population, underscoring the need for comparative studies to identify the 
most effective algorithms. 

5 Conclusion 

While AI is promising for arrhythmias detecting/monitoring in athletes, research limita-
tions persist. To support AI integration into athlete care, future research should prioritize 
rigorously designed studies assessing clinically meaningful outcomes. 

Disclosure of Interests. The authors declare no competing interests relevant to this paper. 
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Abstract. Traditional cancer risk prediction models assume uniform associations 
between risk factors and outcomes, potentially obscuring subgroup heterogeneity. 
We applied Topological Data Analysis (TDA) to identify latent patient pheno-
types and examine whether associations with cancer diagnosis vary across sub-
groups. Using 47 demographic, socioeconomic (SES), behavioural, health status, 
and comorbidity features from 30,760 Atlantic PATH cohort participants, TDA 
identified three phenotypes with distinct cancer prevalence gradients: Lower SES-
High Prevalence (16.4%), Moderate SES-Intermediate Prevalence (12.9%), and 
High SES-Low Prevalence (10.9%). Within-community Firth logistic regression 
revealed two distinct modes of inequitable detection: in the lower-SES phenotype, 
detection was concentrated among participants with poor health suggests delayed 
symptomatic presentation rather than preventive screening. In the high-SES phe-
notype, lack of formal education was independently associated with reduced detec-
tion odds (OR = 0.39 vs. graduate degree), indicating educational disparities per-
sist even where access barriers are less likely to explain them. Population-level 
models would obscure both p atterns.

Keywords: Topological Data Analysis · Clustering · Cancer Risk Screening · 
Phenotyping · Health Equity · Population Health 

1 Introduction 

Understanding how demographic, behavioral, and socioeconomic factors relate to can-
cer outcomes is a central challenge in population health research. Cancer risk factor 
surveillance increasingly relies on regression-based approaches that assume homoge-
neous associations within broad population strata, potentially obscuring meaningful 
subgroups where detection patterns diverge [1]. 

Topological Data Analysis (TDA) provides a data-driven framework for character-
izing population structure without imposing a priori partitions [2]. Unlike conventional

© The Author(s), under exclusive license to Springer Nature Switzerland AG 2027 
P. Andreev et al. (Eds.): AIME 2026, LNAI 16749, pp. 40–44, 2027. 
https://doi.org/10.1007/978-3-032-30813-9_8 

http://crossmark.crossref.org/dialog/?doi=10.1007/978-3-032-30813-9_8&domain=pdf
https://orcid.org/0000-0001-8770-3080
https://orcid.org/0000-0002-7805-6122
https://orcid.org/0000-0002-7549-0011
https://orcid.org/0000-0003-3075-7736
https://doi.org/10.1007/978-3-032-30813-9_8


Within-Phenotype Socioeconomic Disparities in Cancer Detection 41

clustering, TDA preserves local similarity and connectivity in high-dimensional data, 
enabling discovery of latent subgroups and transitional phenotypes [3]. TDA has been 
applied in population health contexts to uncover clinically meaningful heterogeneity 
not captured by traditional approaches [2, 4]. We developed a TDA pipeline to identify 
phenotypically distinct communities within the Atlantic PATH cohort and examine how 
associations with cancer diagnosis vary across subgroups. 

2 Methods 

2.1 Data Source and Study Population 

Atlantic PATH recruited 35,000+ adults aged 30–74 across four Canadian provinces 
(2009–2015) using standardized questionnaires covering demographics, health behav-
iors, medical history, and social determinants [5]. The present analysis used baseline 
data. The dataset was partitioned into a discovery set (80%) and independent hold-
out (“lockbox”) set (20%), stratified on cancer diagnosis. All community detection and 
model development were performed exclusively on the discovery set. 

The analytic features comprised 47 predictors spanning demographic, behavioral, 
health status, and comorbidity domains. All preprocessing was performed on the 
discovery set. 

2.2 Topological Data Analysis and Community Assignment 

We applied a TDA pipeline to the discovery set using the Mapper algorithm with a 
two-dimensional lens constructed from Isolation Forest anomaly scores and L2 norms. 
Mapper divided the lens space into overlapping hypercubes (grid search: n_cubes ∈ {10– 
18}, overlap ∈ {0.25–0.50}), applied DBSCAN within each hypercube, and connected 
nodes sharing data points. Louvain community detection (γ ∈ {0.20–2.00}) was applied 
to the resulting graph. Cancer outcome was excluded from TDA to ensure community 
structure reflected phenotypic similarity rather than disease status.

Community labels were assigned to discovery set participants based on Mapper node 
membership. Community centroids were computed as mean feature vectors and frozen. 
Lockbox participants were assigned to the nearest centroid using Euclidean distance, 
ensuring community definitions remained fixed with no re-clustering on the holdout set. 
To examine predictors of cancer prevalence within each phenotype, logistic regression 
models were fitted separately for each community in the discovery set. The outcome 
was binary cancer diagnosis (ever diagnosed with cancer: yes/no). Models incorporated 
regularization and feature selection. Final model performance and coefficient stability 
were evaluated in the independent lockbox set. Cancer prevalence was summarized 
across phenotypes using proportions with 95% confidence intervals. 

3 Results 

3.1 Mapper Graph and Community Structure 

Topological analysis of the discovery set (Fig. 1a) identified three distinct communities 
after grid search (selected configuration: n_cubes = 18, overlap = 0.50; 173 nodes, 608 
edges, Q = 0.843). Discovery set: n = 27,246; lockbox: n = 6,821.
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Fig. 1. (a) Mapper graph colored by community. Within-community Firth penalized logistic 
regression odds ratios (OR, 95% CI, lockbox set) for (a) Lower SES-High Prevalence,  (b)  Moder-
ate SES-Intermediate Prevalence), and (c) High SES-Low Prevalence). Red = significant positive; 
blue = significant negative (p < 0.05). Reference categories: education = graduate degree; income 
= <$10 k; health = excellent.

3.2 Phenotype Feature Profiles 

Three phenotypes were identified in the holdout set (N = 6,821): Low SES-High Preva-
lence (171/1,040 cases; 16.4%, 95% CI: 14.3–18.8%), Moderate SES-Intermediate 
Prevalence (115/892; 12.9%, 95% CI: 10.9–15.3%), and High SES-Low Prevalence 
(534/4,889; 10.9%, 95% CI: 10.1–11.8%).

Within-phenotype logistic regression models revealed distinct predictor profiles 
across phenotypes (Fig. 1b, c and d). Age and general health status emerged as con-
sistent positive predictors across all communities, with age coefficients ranging from 
0.38 (Moderate SES)  to  0.60  (  High SES).

In the Lower SES-High Prevalence Phenotype, cancer detection was concentrated 
among participants reporting poor or fair health (poor health OR = 3.27 [1.39, 7.99], 
fair health OR = 2.97 [1.48, 6.47]). Age was positively associated (OR = 1.05 [1.03, 
1.07]) with cancer detection. No formal education showed a negative trend (OR = 0.36 
[0.09, 1.10], p = 0.07), consistent with under-ascertainment within this already-burdened
group.

In the Moderate SES-Intermediate Prevalence Phenotype, fair health (OR = 4.01 
[1.48, 10.38]) and age (OR = 1.06 [1.03, 1.09]; Fig. 1c) were associated with higher 
detection odds. Income and screening participation showed positive trends but did not 
reach significance. 

In the High SES-Low Prevalence Phenotype, a steep graded health status effect was 
observed across all levels vs. excellent health (poor OR = 6.04 [1.93, 16.61], fair OR =
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3.00 [1.90, 4.70], good OR = 1.98 [1.45, 2.73], very good OR = 1.44 [1.07, 1.97]). No 
formal education was independently associated with significantly lower detection odds 
(OR = 0.39 [0.12, 0.99], p = 0.048 vs. graduate degree).

4 Discussion 

The two communities with the most divergent SES profiles tell a coherent story of inad-
equate preventive detection. In the Lower SES-High Prevalence phenotype, detection 
concentrated among participants with poor health is consistent with barriers that delay 
diagnosis until symptom burden demands clinical contact. In the High SES-Low Preva-
lence phenotype, where access barriers are less likely to explain the pattern, educational 
disparities in detection emerge as an independent finding, suggesting socioeconomic 
exclusion from screening pathways operates through mechanisms beyond access alone, 
including health literacy, provider communication, and cultural factors [4, 6]. TDA 
surfaces both patterns simultaneously by allowing phenotype-specific associations to 
emerge from population structure rather than imposed boundaries [3]. 

The most pronounced socioeconomic gradient emerged within the High SES-Low 
Prevalence Phenotype: no formal education was independently associated with signif-
icantly reduced detection odds (OR = 0.39), indicating that educational disparities in 
detection persist even within phenotypes where aggregate SES would suggest other-
wise. This finding would be obscured by population-level SES stratification, where this 
group’s overall affluence masks an internal educational disparity in cancer detection.

Strengths of this study include unsupervised phenotype discovery without prede-
termined clinical categories and out-of-sample validation via nearest-centroid assign-
ment. Within-community regression used Firth penalized estimation with L1 feature 
selection on the discovery set to ensure stable, unbiased lockbox evaluation. Limita-
tions include cross-sectional community definitions restricting causal inference; neg-
ative SES-detection associations most plausibly reflect under-ascertainment, though 
unmeasured confounding cannot be excluded. 

5 Conclusions 

TDA revealed two distinct modes of inequitable cancer detection invisible to population-
level models: delayed symptomatic presentation in the lower-SES phenotype, and 
educational exclusion from preventive pathways in the higher-SES phenotype. The 
steepest socioeconomic gradient—educational attainment independently associated with 
reduced detection—emerged precisely where aggregate indicators would suggest ade-
quate access. Incorporating phenotypic context into screening prioritization may support 
more equitable cancer detection strategies. 
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Abstract. Trust is foundational to patient-physician relationships, yet validated 
instruments for pediatric emergency and surgical care are lacking and traditional 
development is time- and resource-intensive. Large language models (LLMs) offer 
a scalable solution by augmenting expert validation through synthetic panels. We 
developed two new trust assessment instruments: one for patient families and 
one for physicians. A distinct two-round instrument content validation was con-
ducted using parallel synthetic and human expert panels. Synthetic panels con-
sisted of persona-prompted LLMs (Claude Sonnet 4, GPT-5, Grok4), human pan-
els served as traditional comparators. Scale-Content Validity Index (S-CVI) and 
Fleiss’ kappa () acceptance thresholds were set at ≥0.80. Following both vali-
dation rounds, all instruments exceeded S-CVI ≥0.80. Combined human–syn-
thetic panels revealed substantial inter-rater agreement; κ values for dimensional 
and contextual validation respectively were: patient-family 0.84 (95% CI [0.72, 
0.96]); 0.83 (95% CI [0.73, 0.93]), and physician 0.87 (95% CI [0.72, 1.00]); 0.88 
(95% CI [0.80, 0.96]). Overall, persona-prompted LLMs demonstrated compara-
ble validity outcomes to human experts, while accelerating timelines. This syn-
thetic instrument validation offers a scalable blueprint for healthcare measurement 
development, enabling feasible creation of instruments to support evidence-based 
patient care.

Keywords: Large Language Models · Synthetic Experts · Pediatrics · Content 
Validation 

1 Introduction 

Trust, defined as the patient’s acceptance of vulnerability and confidence in physician 
care, forms the foundation of the patient-physician relationship. It is based on care 
expectations and the ability to be vulnerable [1]. When established in primary care 
settings, increased trust is associated with greater care satisfaction, treatment adherence, 
continuity of care, and willingness to disclose information [2, 3].

© The Author(s), under exclusive license to Springer Nature Switzerland AG 2027 
P. Andreev et al. (Eds.): AIME 2026, LNAI 16749, pp. 45–49, 2027. 
https://doi.org/10.1007/978-3-032-30813-9_9 

http://crossmark.crossref.org/dialog/?doi=10.1007/978-3-032-30813-9_9&domain=pdf
https://orcid.org/0009-0006-9300-1193
https://orcid.org/0000-0003-3691-1319
https://orcid.org/0000-0002-4616-9990
https://orcid.org/0000-0002-6267-6140
https://doi.org/10.1007/978-3-032-30813-9_9


46 E. Boone et al.

In brief settings such as emergency and surgical care trust differs significantly from 
primary care contexts [4, 5]. While prior studies have adapted adult primary care scales 
to pediatric settings, none have evaluated trust-building nuances specific to emergency 
and surgical contexts, representing a critical gap in the literature [1, 4]. 

Designing validated healthcare instruments is complex and time-intensive, often 
requiring months to years [6, 7]. Recruiting expert panels for instrument validation 
in specialized pediatric fields presents additional challenges. Large language models 
(LLMs) offer a potential solution in this domain where synthetic data are increasingly 
acceptable for validation, and LLMs can serve as scalable expert panel surrogates through 
persona prompting [8, 9]. 

This study develops a methodology for preliminary content validation of trust instru-
ments in pediatric emergency and surgical settings using synthetically generated experts 
in parallel with human panels. We termed this approach Synthetic Instrument Validation 
(SIV), positioning LLMs as complementary to human experts rather than attempting to 
replace them, by leveraging synergistic human-AI capabilities [10]. 

2 Methods 

We developed two instruments, one for patient-families and one for physicians, each 
comprising an experience/perception scale (TRUST-E-F; TRUST-P-MD) and a building 
blocks scale (TRUST-BB-F; TRUST-BB-MD), measuring trust across four dimensions 
(competence, caring, communication, and dependability) [1]. Full scales are provided in 
Supplementary Materials. Content validation was conducted across two rounds: dimen-
sional validation assessing item-dimension alignment, and contextual validation assess-
ing relevance to pediatric emergency and surgical settings using parallel synthetic and 
human expert panels. 

2.1 Instrument Design 

TRUST-E-F was adapted from the Wake Forest Trust in Physician Scale [11], with 
TRUST-P-MD developed as its physician mirror; TRUST-BB-F and TRUST-BB-MD 
were designed to assess essential trust-forming elements. 

A multidisciplinary panel (pediatric surgeon, emergency physicians, medical resi-
dent, and quantitative researcher) classified each item into one of four trust dimensions 
per COnsensus-based Standards for the selection of health Measurement INstruments 
(COSMIN) guidelines [12]. 

2.2 Synthetic Content Validation Rounds 

Technical Framework. Three LLMs (Claude Sonnet 4, GPT-5, Grok 4) were persona-
prompted twice per expert role (pediatric emergency physician, pediatric surgeon, health 
services researcher, patient-family representative) [13–15]. Full prompting strategies, 
and model details are in Supplementary Materials. Item-Content Validity Indices (I-
CVI), the proportion of experts rating an item as relevant, was averaged across items to 
determine Scale-Content Validity Index (S-CVI) (threshold ≥0.80), [16] and inter-rater 
reliability computed via Fleiss’ kappa [17, 18].
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LLM Selection. Welch’s t-tests compared each model’s Round 1 I-CVI scores to the 
human panel; the most concordant model was selected for Round 2. A single calibrated 
model sufficed in Round 2 given the distinct validation scope. 

Dimensional Validation (Round 1). Three human and 30 synthetic experts (10 per 
LLM) independently and simultaneously rated item-dimension alignment on a 9-point 
scale (1 = not relevant; 9 = extremely relevant), generating I-CVIs; human experts were 
blinded to synthetic outputs.

Contextual Validation (Round 2). A distinct round, items were rated on a 9-point scale 
for contextual relevance to the clinical context by human (7 patient-family, 5 physician) 
and 16 synthetic experts (10 and 6, respectively), generating I-CVI scores. 

3 Results 

3.1 Instrument Design 

TRUST-E-F contained 12 items (2 caring, 3 competence, 3 communication, 3 depend-
ability, 1 general), TRUST-P-MD 8 (2 per dimension), and both building block instru-
ments, 10 items each (4 caring, 2 per remaining dimension). Review consensus confirmed 
item alignment across all trust dimensions. 

3.2 Synthetic Content Validation Rounds 

The synthetic content validation was completed in 4 weeks total, 2 weeks per round 
where synthetic expert evaluations were completed in 2 h. 

S-CVI scores across both validation rounds are presented in Fig. 1. Dimensional and 
contextual scores respectively were: TRUST-E-F 0.98 (SD = 0.02); 0.94 (SD = 0.09), 
TRUST-BB-F 0.91 (SD = 0.15); 0.97 (SD = 0.05), TRUST-P-MD 1.00 (SD = 0.00); 
0.98 (SD = 0.04), and TRUST-BB-MD 0.91 (SD = 0.17); 0.96 (SD = 0.05). Based on 
Welch’s t-tests, Claude Sonnet 4 showed the lowest variance to human panels across 
three of four instruments and was s elected for contextual validation.

Fig. 1. Scale-Content Validity Index (S-CVI/Ave) of the human-synthetic expert panel across 
scales in contextual and dimensional validation rounds. Error bars represent standard deviation of 
Item-Content Validity Index (I-CVI) averages across items.
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Substantial agreement was observed for patient-family (n = 33, 17; κ = 0.84 [0.72, 
0.96], 0.83 [0.73, 0.93]) and physician (n = 21, 11; κ = 0.87 [0.72, 1.00], 0.88 [0.80, 
0.96]) instruments across dimensional and contextual va lidation respectively.

4 Discussion 

This study validated the content of trust instruments for pediatric emergency and surgical 
contexts using parallel human and synthetic panels through a new approach termed SIV. 
We have shown that persona-prompted LLMs show reliability as synthetic experts, while 
accelerating validation timelines from several months to four weeks. 

All instruments exceeded S-CVI ≥ 0.80, achieving above 0.90 across both valida-
tion rounds, surpassing content validity benchmarks for panels of five or more experts 
[16], suggesting appropriate item-dimension alignment and contextual relevance to the 
settings. Inter-rater reliability was substantial across patient-family (κ = 0.83–0.84) and 
physician (κ = 0.87–0.88) instruments, consistently exceeding the 0.80 target across 
diverse experts and validation.

SIV represents a paradigm shift in healthcare instrument development. By posi-
tioning synthetic expertise as complementary to human judgment, this methodology 
preserves critical human oversight while increasing scalability [10]. This approach is 
grounded in three principles: human-synthetic complementarity, parallel evaluation, and 
human oversight. The selection of the most human-concordant model for Round 2 reflects 
this complementary philosophy directly- SIV prioritizes human judgment, positioning 
synthetic expertise to augment rather than replace expert validation. 

Limitations include the rapid evolution of LLM capabilities, meaning evaluated 
models (September 2025) may not reflect future performance; the untested effectiveness 
of SIV beyond content validation; single-context design limiting generalizability; small 
human panel sizes (3–7 experts) that future studies should expand; and reliance on 
traditional metrics, where alternative thresholds for hybrid panels merit exploration. 

5 Conclusions 

SIV offers a scalable, rigorous blueprint for healthcare instrument development, demon-
strating that human-LLM collaboration can significantly accelerate content valida-
tion without compromising methodological standards. Further psychometric evaluation 
remains ongoing, and its adaptability positions SIV as a broadly applicable framework 
across clinical contexts. 

Notes. 1. Supplementary materials: https://tinyurl.com/btwk782 
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Abstract. Dementia affects over 55 million people worldwide and incurs 
more than one trillion USD in annual societal costs, due to loss of cogni-
tive autonomy and the need for care. Beyond economics, declining inde-
pendence severely impacts the psychological well-being and quality of life 
of patients and their families. Recent advances in artificial intelligence 
enable cognitive assistants that provide continuous everyday support. 
This paper makes three contributions. First, we identify concrete use 
cases in which cognitive assistance can extend functional autonomy for 
people with mild cognitive impairment, grounded in qualitative inter-
views with patients, caregivers, and family members. Second, we present 
a prototypical general-purpose cognitiv e assistant integrating memory
support, task guidance, contextual reminders, and adaptive interaction,
and show how it addresses these use cases. Third, we analyze unresolved
challenges in dementia care. These findings suggest that cognitive assis-
tants could become a scalable component of dementia care, provided the
technical and ethical challenges are addressed.

Keywords: Cognitive Assistant · Support System · Dementia · Mild
Cognitive Impairment

1 Motivation 

Dementia is a major global health challenge, affecting over 55 million people 
worldwide, with around 10 million new cases diagnosed each year [5]. The num-
ber of people affected by Mild Cognitive Impairments (MCI) is even higher, as 
it often represents an early stage preceding dementia. Societal costs associated 
with dementia care exceed one trillion USD annually, driven by the progres-
sive loss of cognitive autonomy and the corresponding increase in care needs. 
Beyond economic impact, declining i ndependence severely affects the psycholog-
ical well-being, quality of life, and dignity of patients and their families. Demo-
graphic trends, particularly aging populations in developed countries, suggest
c The Author(s), under exclusive license to Springer Nature Switzerland AG 2027 
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these challenges will intensify. Recent advances in Artificial Intelligence (AI), 
especially Language Models (LMs) and Vision Language Models (VLMs), enable 
cognitive assistants that provide continuous, personalized everyday support [1]. 
Such systems have the potential to extend functional autonomy by compensating 
for cognitive decline, reducing caregiver burden and delaying institutional care. 
This paper identifies use cases for cognitive a ssistance grounded in qualitative
interviews, presents a prototypical architecture, and discusses open challenges.

2 Related Work 

Prior work has identified key requirements for assistive systems supporting peo-
ple with cognitive impairment. Thordardottir et al. [4] systematically reviewed 
acceptance and use of assistive technologies among affected individuals and care-
givers, highlighting perceived usefulness, ease of use, and low stigmatization as 
central adoption factors; systems that integrate seamlessly into daily routines 
and require minimal active engagement sho w higher acceptance. In parallel,
research on memory augmentation has explored external cognitive aids rang-
ing from early systems such as the Memory Glasses1 , which provided contextual 
memory cues via a head-mounted display, to recent approaches like Memoro [6], 
which leverages LMs for real-time memory support through a conversational 
interface. Commercial efforts, e.g., Halliday, Brilliant, and Meta’s Aria glasses, 
demonstrate growing interest in wearable AI assistants, though they target g en-
eral consumer use rather than cognitive impairment. At the architectural level,
Ocker et al. [3] proposed a grounded memory system for smart personal assis-
tants that combines VLM-based perception, a knowledge-graph memory, and 
agentic retrieval to maintain a continuous, reality-grounded episodic memory. 
However, a gap remains betw een general memory systems, assistive technologies
for MCI, and clinical insights, with little integration across these domains.

3 Interview-Based Requirement Clarification 

3.1 Recruitment and Int erview Setting

Twelve participants were recruited across three groups: primary users with mild 
cognitive impairment (n = 5), relatives as secondary users providing insight into 
needs and challenges (n = 3), and formal caregivers as tertiary users contribut-
ing expertise on care processes, safety, and context (n = 4). Participants were 
recruited via network-based outreach (care facilities, phone, flyers) and took part 
voluntarily. Data was collected through semi-structured, one-on-one interviews 
conducted in care institutions, participants’ homes, and a university interview
room. The interview protocol included (1) clarification of study objectives, (2)
exploration of care situations and experiences, (3) mapping experiences to poten-
tial use cases, (4) in-depth discussion of identified use cases, and (5) elicitation of

1 https://www.media.mit.edu/wearables/mithril/memory-glasses.html. 
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requirements, including acceptance and rejection factors. Interviews were ana-
lyzed using qualitative content analysis, with transcripts iteratively coded to 
identify recurring themes, needs, and challenges. Findings were validated within 
the r esearch team and in collaboration with healthcare professionals, including
health scientists, physiotherapists, and registered nurses.

3.2 Application S cenarios

Based on the interviews, we identified six application scenarios that were con-
sidered most relevant across all target groups. Locating misplaced objects 
emerged as a common challenge, with participants frequently struggling to find 
everyday items, e.g., keys, glasses, or medication. This scenario is particularly 
well suited to memory-based cognitive assistance, as continuous visual percep-
tion can track where objects were last seen and provide this information on 
demand, reducing frustration and search time. Appointment reminders were 
also highlighted, as users often forget medical visits or social engagements. A cog-
nitive assistant can maintain a calendar, issue proactive reminders that account 
for context and preparation time, and recall prior discussions to provide relevant 
background. Stove switch-off addressed safety concerns related to forgotten 
appliances and requires smart-home integration, complemented by perceptual 
hazard detection and alerts to users or caregivers. Fall detection was con-
sidered especially important for individuals living alone, with vision-based per-
ception enabling the identification of unusual postures or prolonged immobility
and triggering timely notifications. Morning hygiene routines pose difficul-
ties due to their multi-step nature, where a cognitive assistant could offer gentle
reminders and step-by-step guidance. Finally, nighttime restlessness was pri-
marily reported by caregivers, who described episodes of nocturnal disorientation
that could be mitigated through reassurance and orientation cues.

3.3 Requirements 

The interviews revealed several key requirements for cognitive assistants to 
achieve acceptance and effectiveness. Ease of use is critical, as systems must 
be intuitive and require minimal active engagement, with voice-based interac-
tion preferred over touch or gesture-based interfaces. Reliability and trust 
are equally essential, as false alarms or incorrect information would undermine 
confidence. Participants emphasized that the system should acknowledge uncer-
tainty rather than provide potentially incorrect responses. Privacy protec-
tion is a major concern, particularly regarding continuous recording, leading 
to requests for configurable recording disablement in specific areas and local 
over cloud-based data processing. Unobtrusiveness also matters, with users 
favoring non-stigmatizing form factors such as stationary devices or integration
into everyday objects (e.g., glasses) over specialized wearables. Participants also
emphasized the importance of having the option to actively deactivate the device
when needed (e.g., during visits in the user’s home), in order to avoid stigmati-
zation and to prevent the device from issuing prompts in situations where this
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might be undesirable. Finally, explainability is necessary for sustained trust, as 
users want to understand why the s ystem makes specific suggestions to maintain
a sense of control.

4 Cognitive Assistant System 

The following describes an architecture and implementation of a cognitive assis-
tant, which served as inspiration and as a reference during the interviews. The
system builds on prior work [3] and is organized around three streams that 
operate in parallel, enabling continuous memory ev olution and responsive user
interaction, cp. Fig. 1. 

Fig. 1. Overview of the proposed cognitive a ssistance process.

Perception: The cognitive assistant employs a multimodal perception system 
comprising live video streams, processed into frames at a configurable rate, syn-
chronized audio snippets, and user interactions via speech or text. Information is 
extracted through video captioning of ordered frame sequences to capture event
structure and automatic transcription of audio recordings.

Ingestion: During ingestion, captions, transcripts, and dialogs are stored as 
node sequences in a persistent knowledge graph that serves as the system’s single 
source of truth. From this graph, relevant entities (e.g., persons and objects) 
and actions are extracted and represented as interconnected concepts. Textual 
node descriptions are embedded f or semantic similarity analyses, and recursive
summaries are generated to produce a journal-like memory at multiple levels of
detail. These steps are partially parallelized to support real-time ingestion.

Retrieval: Memory access is mediated by a LM-based agent equipped with 
specialized tools, leveraging natural language as an intuitive interface for query-
ing and contextualizing memory . These tools include semantic search, optionally
with temporal filters or graph expansion [2] for contextual enrichment, and struc-
tured retrieval via translation of natural-language requests into graph queries. 
The agent can also set reminders to proactively initiate future interactions.
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5 Discussion 

5.1 Matching System Capabilities to I dentified Scenarios

The cognitive assistant is well-suited to address the scenarios identified. Locating 
misplaced objects and appointment reminders benefit from the grounded mem-
ory: continuous perception tracks object locations, while the memory component 
stores appointment information and provides relevant context. Morning hygiene 
routines can be guided step by step using perception to track progress. For fall 
detection and stove switch-off, the perception component can detect relevant 
situations, though full support requires integration with alert systems or smart
home infrastructure. Beyond immediate scenarios, continuous perception enables
detection of longer-term patterns indicative of disease progression. Internal test-
ing in representative scenarios provided initial qualitative validation, confirming
end-to-end feasibility and real-time operation (∼2 s latency).

5.2 Open C hallenges

Based on the interviews, we identified four challenges. First, continuous record-
ing raises privacy concerns. Mitigation strategies include local LM deployment, 
encryption, options to disable recording in sensitive areas or in the presence of 
others, and storing textual descriptions instead of raw images. Second, accep-
tance depends on ease of use, perceived usefulness, and avoiding stigmatization, 
with form factor playing a key role. Third, over-reliance on cognitive assistance 
might accelerate decline by reducing active memory use and lead to cognitive
dependency. System design should encourage active recall. Fourth, techni-
cal limitations remain, as current LMs can produce errors or hallucinations.
For vulnerable users, graceful handling of uncertainty and escalation to human
caregivers are essential.

6 Summary 

This paper presented use cases of cognitive assistants for people with MCI, 
gained from qualitative interviews with patients, caregivers, and family members. 
These insights are complemented by a technical blueprint integrating memory 
support, task guidance, contextual reminders, and adaptive interaction. Finally, 
w e discussed key challenges for cognitive assistants in dementia care, forming a
basis for further development and systematic evaluation in real-world settings.
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Abstract. Reliable uncertainty quantification is critical for trustworthy 
medical machine learning. We introduce Conformal Bidirectional Float-
ing Search (CBFS), a feature selection method guided by the conformal 
prediction notion of strangeness to identify subsets that reduce predic-
tive uncertainty. CBFS was evaluated on a synthetic benchmark and 
on an integrated multi-cohort transcriptomic study of immunotherapy 
response. It recovered informative features with a true positive rate of 
0.737 ± 0.05 on synthetic data, and achieved an average prediction set 
size of 1.848 on the clinical data. It identified alternative gene signatures 
overlooked by standard methods, with the resulting signature reaching 
a C-index of 0.65 (95% CI: 0.51 to 0.80) in external validation. These 
findings highlight the potential of uncertainty-aware feature selectors for 
reliable biomarker discovery in high-stakes applications. 

Keywords: Feature Selection · Conformal Prediction · Reliable ML

1 Introduction 

Feature Selection (FS) aims to find compact subsets of features that maximize 
predictive performance while minimizing complexity, and is widely used to reveal 
underlying patterns by identifying the most informative variables. Established 
FS strategies optimize point-prediction metrics such as accuracy, F1-score, or 
AUC, which provide limited insight into how feature choices affect predictive 
uncertainty and risk-sensitive decisions. Individual Uncertainty Quant ification
(IUQ) has become increasingly important in medical machine learning, where
models are expected not only to perform well on average but also to express
reliable uncertainty estimates for each individual prediction [1]. In this w ork,
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we introduce a novel Conformal Bidirectional Feature Selector (CBFS) whose 
goal is to identify relevant feature subsets taking into account their individual
predictive uncertainty.

Traditional FS strategies are usually classified into Sequential Forward Selec-
tion (SFS), which starts from an empty set and greedily adds the feature that 
best improves a performance criterion, or Sequential Backward Selection (SBS), 
which starts from the full set and greedily removes the features that least harm 
performance. Both are affected b y the nesting effect : once a feature is added in
SFS or removed in SBS, that choice is not revisited, potentially yielding subopti-
mal subsets. Floating search methods [4] address this by conditionally reversing 
previous selections when beneficial. Our bidirectional method combines SFS and 
SBS policies and adds a floating refinement phase, with uncertainty quantifica-
tion derived through the Conformal Prediction (CP) framework, a distribution-
free approach to IUQ with strong theoretical guarantees [5]. We validated CBFS 
on a synthetic benchmark and on the IMvigor210, IMvigor010, and ABACUS 
series, three large-scale clinical trials evaluating a shared immunotherapy treat-
ment. CBFS identified novel feature subsets achieving comparable pe rformance
to established approaches, corroborating IUQ-guided selection as a candidate
policy to find alternative, robust predictive biomarkers.

2 Methods 

Preliminaries and Conformal Prediction. We consider feature selection in 
the standard supervised classification setting with a dataset D = {z1,  .  .  .  ,  zn}  ∼  
P of n i.i.d. samples drawn from a distribution P over X  × Y.  Each  zi =  (xi,  yi) 
has a d-dimensional feature vector xi ∈  X  ⊆  Rd and a target label yi ∈  Y  = 
{c1,  .  .  .  ,  cm}. T he full feature set is X = (X1, . . . , Xd), a candidate subset S ⊆ X,
and U = X\S the unselected pool. Conformal Prediction (CP) is a distribution-
free framework that returns set-valued predictions with marginal coverage of at
least 1− for any supervised learner [5], where ∈ [0, 1] is a user-defined nominal 
error level. Given a non-conformity function A(zi, D), each sample receives a 
score αi measuring how atypical it is with respect to a reference dataset. Data 
are split into training and calibration sets; for a new sample xn+1 a conformal
p-value is obtained for each candidate label c ∈ Y:

pc =
1 + |Dcal|

i=1 1{αi ≥ αc
n+1}

|Dcal| + 1
. (1) 

The final prediction set is C(xn+1)  =  {c : pc ≥ }, ensuring marginal coverage of 
at least 1 − on average over future samples. When the non-conformity score is 
linearly separable, feature-wise c ontributions βj can be defined to quantify each
feature’s impact on the overall non-conformity [3]. 

Building Blocks: CRFE and JMI. Leveraging the β-non-conformity decom-
position, CRFE [3] is an SBS method that iteratively removes the feature with
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the highest βj , retraining and recomputing the scores at each step. By discarding 
features that most increase uncertainty, CRFE, with complexity O(d2), already 
reported key results in genomic a pplications. As a complementary forward cri-
terion, we use the Joint Mutual Information (JMI) method [2], which selects 
Xj ∈ U by maximizing a low-order estimate of the conditional mutual informa-
tion I(Xj ; Y |  S): 

Î(Xj ; Y |  S)  =  I(Xj ; Y ) −  |S|−1 

k∈S 

I(Xj ;Xk) + |S|−1

k∈S
I(Xj ;Xk | Y ), (2) 

balancing marginal relevance, redundancy, and class-conditional redundancy 
with the previously selected features. JMI has complexity O(K2 d),  w  here K
is the cardinality of the final subset.

Conformal Bidirectional Floating Search. CBFS combines CRFE and JMI 
in a bidirectional floating search guided by the conformal prediction efficiency 
score M(S), the average prediction set size at confidence 1 − over a held-out 
evaluation slice. Optimizing M(S) implicitly optimizes the certainty of predicted 
labels and is a more stringent objective than plain accuracy. The procedure 
operates in two stages. 

Bidirectional warm-up. Starting from S = ∅, U = X, and a discard pool 
U ∗ = ∅, the algorithm alternates JMI inclusions and CRFE exclusions until 
|S| = k: the top JMI candidate from U is added to S, and the top βj candidate 
from U is moved to U ∗. This stage seeds S with informative, low-redundancy 
features while pruning those that most increase predictive uncertainty. Once 
|S| = k, the discard pool is reabsorbed (U ← U ∪ U ∗) so the refinement phase 
can revisit any feature. 

Floating refinement. The baseline score M(S) is tracked as the Global Best
Score, with patience initialized to zero. At each iteration, two interim rankings
are recomputed on training data: Rremove, based on βj over S, and Radd, based
on JMI over U . Let fremove and fadd be their top elements. Three candidate
moves are then evaluated:

Sminus = S\{fremove}, Splus = S∪{fadd}, Sswap = (S\{fremove})∪{fadd}. (3) 

The move giving the largest improvement over M(S) is accepted and pools, 
Global Best Score, and patience are updated; otherwise patience is incremented.
This Plus-1 Minus-1 design [4] can reverse a previous addition or removal, miti-
gating the nesting effect of strictly greedy SFS or SBS. The search stops after a 
fixed number of non-improv ing iterations or when a maximum iteration budget is
reached, returning the best subset recorded. Figure 1 summarizes the procedure.
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3 Experimental Setup 

Fig. 1. CBFS Flowchart. 

Datasets. The synthetic dataset 
(700 samples, 300 features, 3 
balanced classes) was simulated 
from a Negative Binomial model 
NB(μg,  αg) with ln(μig)  =  ln(Li)+  
log(πg)  +  mod + class, combin-
ing library size, baseline expression, 
co-expression module effects, and 
class-specific differential expression 
restricted to a known set of infor-
mative features; αg was sampled 
from a log-normal distribution and 
data were log-normalized before 
selection. The real-world dataset 
integrated tumor RNA-seq from 
the ABACUS, IMvigor010, and IMvigor210 immunotherapy cohorts under a 
harmonized binary endpoint, Durable Clinical Benefit at 6 months (DCB6), 
derived from cohort-specific time-to-event variables (RFS, DFS, PFS). DCB6 
was True for patients remaining disease-free for at least 6 months (606 posi-
tive, 363 negative cases; 115 patients censored before 6 months were excluded).
The merged data were split into train, calibration, and test sets, with train-only
low-expression filtering, library-size normalization with logCPM, train-only vari-
ance filtering to the top 3,500 genes, and ComBat batch correction by cohort
(parameters estimated on training).

Table 1. FS methods compared on conformal prediction scores (20 runs; 50/30/20% 
train/calibration/test split; coverage 0.90) and external survival in ABACUS using 10-
gene signatures derived from IMvigor210 and IMvigor010 (Cox model: HR per 1-SD 
increase, p-value; C-index with 95% CI). EC: Empirical Coverage; ASZ: Average Set 
Size;  CER:  Certaint  y.

Method C.P. Scores External validation in ABACUS 
EC ASZ CER C-Index (95% CI) HR (95% CI) p-value 

CBFS .916 1.848 .0678 .65 (.51, .80) .46 (0.19, 1.13) .089 
CRFE .911 1.831 .0799 .56 (.42, .72) .72 (0.41, 1.26) .249 
RFE .903 1.822 .0812 .69 (.57, .80) .45 (0.24, 0.84) .012 
Lasso .902 1.836 .0657 .55 (.39, .70) .83 (0.52, 1.31) .431 
ElasticNet .901 1.841 .0603 .61 (.47, .74) .71 (0.45, 1.12) .146 

Evaluation and Experimental Settings. CBFS was evaluated on synthetic 
data through the True Positive Rate (TPR) of recovered ground-truth features,
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and on immunotherapy data against CRFE, RFE, Lasso, and ElasticNet over 20 
multi-start runs aiming at compact 10-feature subsets that yield efficient confor-
mal prediction sets. Performance was measured with a conformalized linear SVM
(C = 1) using the non-conformity and β-non-conformity functions of [3]. In each 
run, pooled data were split into 50%/30%/20% train/calibration/test with pre-
served class ratios. Evaluation used empirical coverage, efficiency, and certainty 
at 90% confidence; accuracy was not considered because forced point predictions 
can break conformal coverage guarantees. Recursive elimination removed 10% 
of the feature space per step. External validation used ABACUS as an indepen-
dent cohort: feature selection was performed on IMvigor210 and IMvigor010, the
resulting 10-gene signature was summarized by GSVA, and the score was tested
on ABACUS with a Cox proportional hazards model.

4 Results, Discussion, and Conclusions 

CBFS recovered a substantial proportion of the ground-truth informative fea-
tures in the synthetic dataset (TPR =  0.737 ± 0.05), comparable to baseline 
selectors (see Supplementary Material). I n the immunotherapy data, predictive
performance was broadly similar across methods (Table 1), but CBFS system-
atically identified alternative predictor panels (Supplementary Fig. 1-A): Lasso 
and ElasticNet showed the highest mutual overlap (69.9 ± 8.6% mean Jaccard), 
CRFE and RFE moderate overlap (20.1±9.3%), whereas CBFS produced largely 
distinct panels with mean overlap of only 2.0% to 4.1% versus the other selec-
tors. Among its most recurrent genes, MYH3, TMEFF2, FAM3D, HAND2, and 
NT5E/CD73 were significantly associated with DCB6 (p-values < 10−3). In 
external validation on ABACUS, the CBFS signature showed moderate discrim-
ination (C-index =  0.65, 95% CI: 0.51 to 0.80) and a suggestive Cox signal 
(HR =  0.46, 95% CI: 0 .19 to 1.13, p = 0.089). Overall, CBFS matches estab-
lished selectors in predictive performance while uncovering distinct meaningful
signatures, supporting uncertainty-aware feature selection for immunotherapy
transcriptomics. Future work should validate these findings using fully nested
cross-validation, alternative classifiers, and other non-conformity functions.

Data. The extended manuscript, Supplementary Material, and Python package 
are available at github.com/digital-medicine-research-group-UNAV/Conformal-
BFS. 
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Abstract. Extracting analytics from wearable sensor data requires 
expert knowledge and coding experience, creating barriers for clinical 
teams, clinical sites and users. While Large Language Models (LLMs) 
have limited numerical reasoning, they show promise when augmented 
with code generation tools. We present a modular LLM architecture for 
analyzing wearable data across wear compliance, physical activity, and 
sleep domains. Our multi-stage pipeline classifies user query intent that 
retrieves relevant documentation, and generates SQL code via a ReAct-
style reasoner to analyze processed tabular data. Validation on 252 objec-
tive queries demonstrated 94% accuracy. This proof-of-concept demon-
strates the feasibility of enabling non-expert users to perform wearable 
data analysis through natural language interfaces. 

Keywords: digital biomarkers · wearables · LLM · talk2data · 
actigraph y

1 Introduction 

Wearable devices are now widely adopted across populations. Augmented with 
dedicated algorithms, wearable devices provide continuous, real-world evidence 
of health status through Digital Biomarkers (DBMs) spanning physical activity, 
sleep, and cardiovascular health. Transforming raw sensor data into clinically 
meaningful metrics r equires complex pipelines, from signal processing to longitu-
dinal aggregation, that typically demand significan t technical expertise, creating
barriers for clinical and medical teams.

Rapid advances in Large Language Models (LLMs) have opened new possi-
bilities for wearable data interpretation, enabling personalized health recommen-
dations and contextual signal analysis. Although LLMs exhibit limited intrinsic 
n umerical reasoning, they can be augmented with external tools such as code gen-
eration [4,9]. Techniques including few-shot prompting, chain-of-thought reason-
ing and Retrieval-Augmented Generation (RAG) f urther enhance performance 
on complex analytical tasks [5]. 
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SQL and Python code generation allow LLMs to analyze structured tabular 
data reliably [6]. A notable prior system, PHIA [9], demonstrated ReAct-style 
agents generating Python code for personal health data analysis. However, PHIA 
lacked explicit RAG, relying instead on general LLM knowledge or web search, 
which risks inconsistencies for DBM applications. DBM definitions are inheren tly 
mostly inconsistent in the literature and vary across devices and protocols. Its 
p erformance on population-level data analysis also remained uncharacterized.

We present WearAble AI, a modular prototype LLM-based chatbot that 
answers natural language queries on wearable datasets spanning compliance, 
physical activity, and sleep. By combining intent classification, domain-specific 
retrieval, SQL code generation with safety chec ks, and natural language explana-
tion, WearAble AI enables non-expert users to gain a nalytical insights without
coding expertise.

2 Wearable Data Collection 

The study was conducted at the Occupational Health Center (Arbeitsmedizinis-
ches Zentrum, AMZ) of Infraserv GmbH at Frankfurt Hoechst Industriepark, 
Germany, sponsored by Sanofi-Aventis Deutschland GmbH. The study aimed at 
ev aluating wearable devices in two body positions (wrist and lum bar) for knee
osteoarthritis (OA) assessment.

Participants: Two groups were enrolled: (1) healthy adults aged 45–67 years 
(BMI 20–35 kg/m. 

2), and (2) adults with diagnosed knee OA stratified by KOOS 
Function subscale score into mild (87.5–62.6) and moderate (62.5–37.6) severity 
groups. The study was performed as a medical research project according to 
Article 1 5 of the Professional Code for Physicians in Germany. All participan ts
provided written informed consent.

Equipment and Protocol: Participants were instructed to wear two Embra-
cePlus devices, one on the non-dominant wrist continuously during wake and 
preferably during sleep hours and one at the lumbar position continuously dur-
ing waking hours over a 28-da y assessment period.

Dataset: Data from 24 participants yielded 791 participant-days of measure-
ments. Participants averaged 55.0 . ± 5.6 years, 173.6 . ± 9.0 cm, and 74.8 . ± 13.8 kg. 
One-minute aggregated parameters were extracted across three domains and fur-
ther aggregated into daily values, producing three dataframes where each row 
represents one participant-day: Compliance: Wear duration and measurement 
duration for wrist and lumbar positions. Physical activity: Daily steps, normal-
ized step rate, activity intensity summaries (sedentary, light, moderate, vigorous) 
and per-minute activity intensity arrays. Sleep: Sleep onset latency, total sleep 
time, wake after sleep onset, sleep efficiency, sleep fragmentation, and per-minute
sleep stage arrays.
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3 WearAble AI Architecture 

The overall architecture is shown in Fig. 1. WearAble AI is a modular query-
processing pipeline routing user inputs through five components: intent classifi-
cation, d irect response, information retrieval, code generation, and result expla-
nation.

Fig. 1. WearAble AI architecture: Overview of the query-handling pipeline and its five 
components: intent classification, direct response, information retrieval, code genera-
tion, and result explanation. 

Query Intent Classifier: Claude Haiku 3.0 [2] classifies queries as general or 
SQL-required using few-shot examples, intentionally biased towa rd SQL to avoid 
false negatives [3]. 

Direct Responder : For general questions, Claude Haiku 3.0 generates 
responses using domain knowledge, chat history, and retrieved dataset context.

Information Retrieval : Parameter definitions and SQLite syntax documen-
tation are embedded using Amazon Titan Text Embeddings 2.0 with FA ISS
indexing [7,8]. Top-k semantic search retrieves relevant context for each query .

Code Generator : Claude Sonnet 4.0 generates SQL code from user queries, 
retrieved context, and few-shot examples. Safety checks block data modification 
operations (INSERT , DELETE, DROP, etc.). An iterative ReAct-st yle error-repair
loop [10] retries failed queries with error f eedback until s uccess.

Explainer: Claude Haiku 3.0 interprets SQL results and explains findings to 
users in clear, contextually accurate language.
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4 Evaluation 

4.1 Query Classification Dataset 

The intent classifier was evaluated on 300 questions (100 per domain: compli-
ance, physical activity, sleep), with 50 SQL-required and 50 general questions 
per domain. A human expert provided reference l abels. Sensitivity, specificity, 
precision, F1, and accuracy were computed p er domain and overall.

4.2 Objective Queries Dataset 

A total of 252 objective single-value queries were constructed across four cate-
gories: Aggregation/Counts, Comparison, Statistical Analysis, and Ranking/Ex-
tremes, with reference answers generated by a domain expert using Python 
scripts. Of these, 120 questions (40 per domain) were used for d evelopment 
and 132 for testing (46 compliance, 43 physical activity, 43 sleep). Accuracy was 
defined as the percentage of correct answers.

5 Results and Discussions 

The classifier achieved 89% overall accuracy with results presented in Table 1. 
Sensitivity was 100% across all domains, every SQL-required query was correctly 
identified. Specificity was lower (77%) due to the intentional conservative bias, 
meaning some general questions were routed through the SQL pipeline. While 
this increases response time for those queries, it does not degrade answer quality. 
This over-routing is an acceptable trade-off in clinical contexts where missing 
analytical queries p oses greater risk than slight latency or cost increases.

Table 1. Performance metrics for query intent classification across domains, SEN: 
sensitivity, SPC: specificity, PPV: positive predictive value or precision, ACC: accuracy 

Domain TP TN FP FN SEN (%) SPC (%) PPV (%) F1 (%) ACC (%) 

Compliance 50 38 12 0 100 76 81 89 88 
Physical activity 50 42 8 0 100 84 86 93 92 
Sleep 50 36 14 0 100 72 78 88 86 
Overall 150 116 34 0 100 77 82 90 89 

Regarding the performance of WearAble AI in responding to the objective 
queries, WearAble AI achieved 94% overall accuracy on the unseen test set. The 
sleep domain showed the lowest accuracy across both development (97%) and 
test sets (91%), attributable to the increased complexity of its parameters and 
time-series structure. Average end-to-end response times were 3.4 s (compliance), 
3.7 s (physical activity), and 3.9 s (sleep), deployed on AWS Bedrock (us-east-1)
with a 16-vCPU, 8 GB instance running in-memory SQLite.
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Processing 132 test queries consumed 299,785 input and 15,639 output tokens 
associated with . ∼0.72 USD in total [1]  (. ∼5.5 USD per 1,000 queries), making 
the s ystem economically viable for clinical use.

Disabling the iterative error-repair loop marginally increased unanswered 
questions (3.00% vs. 0% in development), suggesting Claude Sonnet 4.0 with 
SQL documentation embeddings provides sufficient robustness, with the ReAct 
loop acting as a safety net rather than a primary performance driver.

6 Conclusion and Limitations 

These results demonstrate the feasibility of LLM-based wearable data analy-
sis for non-expert users. The system enables clinicians to quickly summarize 
complex longitudinal data, generate interpretable metrics, and detect protocol 
deviations or non-compliance patterns—without requiring coding expertise. The 
conservative query routing strategy trades precision for safety, which is appro-
priate for clinical contexts. Our results should be interpreted as strong feasibility 
evidence on structured queries within a single study context, rather than proof
of broad generalization.

This work has several limitations. The evaluation is based on a single study 
with a single data schema which limits generalization. The results represent fea-
sibility evidence rather than proof of broad applicability. The controlled, single-
value query design may not reflect the complexity of real-world open-ended user 
queries. Domains were kept separate for simplicity; future work should integrate 
all domains to enable cross-domain analysis (e.g., sleep–activity relationships). 
SQL generation, while safe and stable, restricts complex statistical analysis and 
time-series processing common in wearable research. The system currently lac ks
uncertainty estimation and confidence measures, which are critical for clinical
decision support.

The modular architecture, while offering control and independence per com-
ponent, is less suited for m ulti-step interactive Q&A than a p lanner-based agent
design.

Declaration of AI Assistance. Microsoft Copilot was used for manuscript editing. 
The authors reviewed all content and take full responsibility for the manuscript. 
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Abstract. Plant-based therapies (phytotherapies) are widely used but poorly inte-
grated into modern computational discovery pipelines. We present a new phyto-
ontology–named POPPY–that models phytotherapies as integrated systems link-
ing medicinal plants, phytochemicals, biological targets, therapeutic contexts, 
and supporting evidence. Unlike existing resources, the ontology explicitly inte-
grates heterogeneous and fragmented data from numerous open datasets into a 
formal representation, enabling advanced automated reasoning and hypothesis 
generation. The resulting framework provides an AI-ready foundation for graph-
based machine learning and the discovery of novel therapeutic applications for 
plant-derived compounds. 

Keywords: Phytotherapy · Ontology · Drug Discovery · Machine Learning 

1 Introduction 

The rise in biological informatics, machine learning (ML), and artificial intelligence 
(AI) research has necessitated large, standardized databases for effective computational 
research [1]. Unlike traditional wet lab experiments, which require fewer data points for 
reliable conclusions, computational methods can analyze vast amounts of data quickly. 
Ontologies play a crucial role by connecting concepts and categories within a subject 
area and providing a visual representation of relationships. 

Recent ML advancements, such as molecular feature representation and binding 
affinity prediction, improve the efficiency of small-molecule and drug repurposing 
research. This approach significantly reduces time and cost compared to traditional 
methods, which take, on average, 12 years and $2.6 billion USD to obtain US Food and 
Drug Administration (USFDA) approval [2]. 

Phytochemicals, or plant-derived compounds, have been used medicinally due to 
their bioavailability and large reservoir of bioactive compounds. Iconic examples include 
aspirin from willow bark, paclitaxel from the Pacific yew tree, and artemisinin from 
sweet wormwood [3]. However, their research is hindered by fragmented databases 
and the complexity of biosynthetic pathways. Despite existing resources cataloging
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these compounds, they often lack standardization and fail to integrate with computation 
workflows [4]. This paper introduces a unified phytotherapies ontology and showcases 
its potential for AI-assisted phytotherapy research. 

2 Background and Related Work 

Biomedical ontologies have been used since the 1990s to standardize vocabularies, 
promote data interoperability, and support structured knowledge representation across 
biological and clinical domains [5]. Existing resources such as CMAUP, HERB, 
COCONUT, DrugCentral, and ChEMBL provide extensive data on natural products, 
including phytochemicals, molecular targets, and therapeutic associations. However, 
these natural databases are typically organized using flat or loosely structured schemas 
where relationships among plants, phytochemicals, molecular targets, and therapeutic 
effects remain implicit rather than explicitly modeled [6]. 

More recent efforts, such as WATRIMed and the OREGANO knowledge graph, aim 
to integrate plant-based therapeutic knowledge into unified data resources. Here we run 
into issues of limited geographical coverage (WATRIMed) and focused use on drug 
repurposing instead of discovery (OREGANO). 

Biomedical ontologies, particularly those within the OBO Foundry, have established 
standards for representing genes, diseases, and phenotypes. However, these resources 
are typically domain-specific and do not model phytotherapies end-to-end across plants, 
compounds, targets, therapeutic contexts, and supporting evidence. 

Rather than importing multiple partially overlapping ontologies, which would intro-
duce alignment complexity and restrict flexibility, this work reuses standardized iden-
tifiers (e.g., UniProt, ATC) while defining a lightweight schema tailored to integrative 
phytotherapies [2]. 

3 Ontology Design and Construction 

The ontology represents phytotherapies end-to-end by linking traditional medicinal 
plants to their constituent bioactive compounds, associated molecular targets, and thera-
peutic indications relevant to human health. Its scope is limited to biomedical and clinical 
contexts and does not model agricultural practices or non-medicinal plant uses. 

Core classes include medicinal plants, phytochemicals, and therapeutic indications 
(diseases, mechanisms of action, and pathways), human biological entities (genes and 
proteins), and research evidence (clinical and experimental studies). These entities are 
connected through mechanistic and evidentiary relations such as hasCompound, targets-
Gene, and hasClinicalStudy, enabling explicit representation of functional relationships 
across domains (Fig. 1). 

The ontology is designed to support competency questions including:

• “Which bioactive compounds are associated with a given medicinal plant?”
• “What molecular targets are affected by a specific phytochemical?”
• “Which plants or compounds are linked to therapeutic indications for a given disease, 

and what evidence supports these associations?”
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Fig. 1. Ontology design and illustrative instance representation. (A) Core conceptual schema 
showing the primary classes and relations used to model phytotherapies. (B) Example instance 
subgraph illustrating how a medicinal plant, bioactive phytochemical, biological target, and 
therapeutic effect are modeled [4]. 

3.1 Ontology Design and Representation 

3.2 Data Sources and Construction 

The ontology integrates data from multiple public resources covering medicinal plants, 
phytochemicals, molecular targets, and therapeutic indications, including CMAUP, 
HERB, COCONUT, ChEMBL, and DrugCentral. Construction followed a semi-
automated pipeline combining programmatic data integration with manual schema 
design, guided by competency questions. Source datasets are parsed and normalized 
using custom scripts (Python, RDFLib) and mapped to RDF via identifier normalization, 
entity alignment, and relation harmonization. 

To ensure interoperability, standardized identifiers and controlled vocabularies are 
reused wherever possible. Phytochemicals are represented using SMILES, proteins, 
and genes via UniProt identifiers, and therapeutic concepts are aligned to classification 
systems such as ATC codes. Duplicate entries are resolved through identifier matching. 

The ontology is encoded in OWL/RDF, with concrete entities such as plants, com-
pounds, genes, and pathways modeled as named individuals, and higher-level abstrac-
tions as classes. Modeling entities such as pathways as individuals supports instance-level 
integration and direct linkage to evidence. The ontology adopts open-world assump-
tion, minimizes restrictive axioms, and avoids disjoint assertions where data may be 
incomplete, enabling lightweight reasoning without compromising data integration.
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3.3 Ontology Statistics 

The ontology represents plant-derived chemicals, their biological targets, and therapeutic 
roles. Currently, it contains 28,163,217 RDF triples, integrating across diverse data 
modality types. The schema includes 22 classes with 19 object properties and 15 data 
properties and is instantiated with 129,186 individuals. Most individuals fall within 
chemical and biological categories, reflecting the ontology’s focus on phytochemical 
diversity. While the resource contains instance-level data typical of a knowledge graph, 
it is structured as an OWL ontology with an explicit schema governing integration and 
reasoning, functioning as both a schema layer and a populated graph. Complete statistics 
are available on GitHub (see below). 

3.4 Ontology Evaluation 

We evaluated the ontology using competency questions and structural consistency 
checks. For example, SPARQL queries correctly retrieve compounds associated with 
a given plant via hasCompound, molecular targets of phytochemicals via targetsGene, 
and evidence-supported plant-therapy associations through hasClinicalStudy and hasPa-
per. Across a random sample of queries, all returned results were structurally consistent 
with the ontology schema, demonstrating that the competency questions are satisfied. 
Lastly, reasoning with the FaCT++ reasoner produced no logical inconsistencies. 

4 Discussion and Limitations 

This ontology provides a novel framework for connecting medicinal plants, phytochem-
icals, biological targets, and therapeutic activity. Unlike existing databases, which typi-
cally organize information in isolated silos, the ontology explicitly models relationships 
across these domains, enabling reasoning that is difficult to achieve using flat database 
schemas or feature-based representations. A key strength of the framework is its sup-
port for evidence-aware modeling. Supporting literature and clinical studies are repre-
sented as first-class entities rather than as unstructured metadata. This design supports 
transparency and interpretability, which are needed for downstream AI analyses. 

The structure of POPPY is well-suited for graph-based machine learning, support-
ing link prediction and hypothesis generation. In contrast to feature-only approaches 
that obscure relational context, this representation preserves both semantic meaning 
and evidentiary grounding. Together, these design choices support applications such 
as hypothesis generation for novel plant-therapy associations, integration with graph 
neural networks, and expert-in-the-loop curation workflows, while maintaining a clear 
separation between curated knowledge and downstream inference. 

Several limitations should be noted. The ontology’s coverage depends on the avail-
ability and quality of curated data sources, which leads to uneven representation across 
plants, compounds, and therapeutic areas. It is susceptible to literature bias toward 
well-studied plants and compounds, and sparse or uneven evidence across therapeutic 
areas. Evidence supporting associations varies widely in experimental rigor and clini-
cal relevance and is represented without weighting or confidence scoring. In addition,
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the ontology does not currently model dosage, pharmacokinetics, or toxicity, as these 
require context-specific and often inconsistent data. Excluding them at this stage allows 
for a stable, extensible core schema, with future work incorporating these dimensions 
once standardized representations are available. Finally, while the ontology supports 
hypothesis generation, it does not itself assert novel therapeutic claims. 

5 Conclusion and Future Work 

We introduce an ontology that models phytotherapies as an integrated system connect-
ing plants, phytochemicals, biological targets, therapeutic contexts, and supporting evi-
dence. By representing these relationships, the framework overcomes key limitations 
of existing flat or siloed resources. The ontology provides a reusable, evidence-aware 
foundation for integrative analysis and graph-based discovery in phytotherapy research. 
Next, we will extend the ontology with multi-omics data and release a website for inter-
active exploration and community use. Future work will expand the ontology through 
integration with established biomedical ontologies. All code used is available on GitHub 
at https://github.com/RomanoLab/poppy. 

This work is supported by US National Institutes of Health grants R00-LM013646 
(PI: Romano) and P30-ES013508 (PI: Trevor Penning). 
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Abstract. Large Language Models are increasingly used in clinical 
tasks, yet their ability to reason over temporally dependent rules and 
generate audience-tailored explanations remains underexplored. We eval-
uate seven recent LLMs on five real-world patient scenarios, compar-
ing structured (Turtle) and unstructured (natural language) representa-
tions of clinical knowledge. Performance is assessed in terms of guideline 
violation detection accuracy and explanation quality, based on expert 
evaluation of correctness, clarity, temporal traceability, and reasoning 
alignment. Results show that LLMs perform more reliably w ith unstruc-
tured prompts, while structured formats often lead to misinterpretations,
particularly in temporally complex scenarios. Although LLMs generate
coherent explanations, their consistency and audience alignment vary,
underscoring the need for expert validation. These findings highlight
key limitations and opportunities for temporally aware clinical decision
support.

GitHub: https://github.com/IDA-FBK/LLM-Benchmarking-
Temporal-Clinical-Reasoning. 

Keywords: Large Language Models · Temporal Reasoning · Natural
Language Explanations

1 Introduction 

Large Language Models (LLMs) have shown strong capabilities across domains, 
including societal and biomedical applications [10], as well as in reasoning and 
explanation generation in areas suc h as recommendation systems and health-
care [3,5,9]. However, prior work largely focuses on static or single-step settings, 
with limited attention to temporally dependent reasoning or multi-stakeholder 
explanations. In healthcare, models are often task-specific and rarely account 
for sequences of patient events or e volving clinical rules. Moreover, recent evi-
dence shows that even advanced LLMs struggle with temporal reasoning [7]. To 
address these gaps, we evaluate seven recent LLMs on five real-world clinical
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scenarios from the Trentino Salute 4.0 (TS4.0) platform1 , comparing structured 
(Turtle-based) and unstructured (natural language) representations of clinical 
knowledge. We assess (i) violation detection accuracy and (ii) explanation qual-
ity for patients and physicians, based on expert evaluation of correctness, clarity, 
temporal traceability and reasoning alignment. We investigate two research ques-
tions: (RQ1) How accurately recent LLMs detect rule violations under tempo-
rally dependent clinical rules across different k nowledge representations? (RQ2)
To what extent can LLMs generate consistent audience-tailored explanations
for patients and physicians in both structured and unstructured settings, while
reasoning over temporally dependent clinical events?

2 Methodology 

We investigate LLM capabilities in two aspects: (i) reasoning over temporally 
dependent clinical knowledge to detect and justify rule violations, and (ii) gen-
erating audience-specific explanations for patients and physicians. We evaluate 
these capabilities on real-world scenarios from a virtual coaching platform in the 
TS4.0 project, which monitors users’ health behaviors and adherence to clinical 
guidelines over time. To guide the reasoning process, we design a prompt com-
posed of four components: (i) Task description , where the model is required 
to identify whether violations occur, report their number, and provide a justi-
fication of its reasoning. It also generates two explanations: a patient version
in non-technical language and a physician version using domain terminology;
(ii) Background knowledge , including monitoring rules defining acceptable
behavior over time (e.g., dietary constraints) and a violation framework speci-
fying thresholds and temporal patterns for detecting breaches. Both are derived
from the Functional Status Knowledge Graph (FuS-KG) [8], which models inter-
related dimensions of user health and functional status; (iii) Input data , includ-
ing patient-specific information such as diagnoses, dietary logs, and physiological 
or behavioral measurements, used as evidence for rule evaluation; and (iv) Tem-
poral information , comprising time-stamped data to support reasoning over
event sequences.

3 Experimental Setting 

LLMs were evaluated in a controlled setup comprising five clinical scenarios, 
prompt designs, and a standardized evaluation protocol. The scenarios, derived 
from a virtual coaching platform in the TS4.0 project, represent temporally 
dependent dietary monitoring conditions: Use  Case  1  (No  Violation),  where  
intake meets but does not exceed thresholds; Use  Case  2  (Single  Meal  
Violation), where a meal exceeds a dietary limit; Use Case 3 (Multiple
Meal Violations), where multiple constraints are violated within a meal;
Use Case 4 (Single Weekly Violation), where weekly intake exceeds a
1 https://trentinosalutedigitale.com/blog/portfolio/trentinosalute/. 

https://trentinosalutedigitale.com/blog/portfolio/trentinosalute/
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threshold; and Use Case 5 (Multiple Weekly Violations), where multi-
ple weekly limits are exceeded across two different food categories. Each sce-
nario encodes realistic patient profiles with cardiovascular and/or metabolic 
conditions and includes temporally grounded rules over daily or weekly aggre-
gation. Scenarios are represented in both structured (Turtle) and unstruc-
tured (natural language) formats, following FuS-KG guidelines and TS4.0 data 
models. We evaluate seven LLMs (Deepseek-v3.2-exp, Gemini-3-pro, Llama-4, 
Mistral-small-3.1-24b-instruct, Gpt-oss-120B, Qwen3-vl-30b-a3b-thinking, and 
Grok-4.1-fast) under both prompt types. Experiments span temperature settings 
{0, 0.2, 0.4, 0.6, 0.8, 1}, with higher values increasing output variability, and are 
executed via the OpenRouter API with enforced structured JSON outputs. Per-
formance is assessed using (i) violation detection accuracy, measuring cor-
rect identification and counting of rule violations, and (ii) explanation quality,
evaluated by two domain experts (nutrition specialists) considering correctness,
clarity, coherence, and consistency, including the use of temporal and clinical
evidence.

4 Results 

4.1 Violation Detection 

Table 1 reports model outputs across structured and unstructured prompts 
and increasing temperature settings. Correct predictions (decision and violation 
count) are shown in green, incorrect outputs in red, and non-binary responses 
(OTH) in orange. Overall, LLMs perform substantially better on unstructured 
prompts than structured ones, suggesting sensitivity to input representation. A 
consistent failure occurs in structured Use Case 1, where most models fail to rec-
ognize the absence of violations. This is largely due to ambiguity in Turtle-based 
rule encoding, where relational operators (e.g., Greater, Less) are not semanti-
cally grounded as minimum or maximum constraints. In contrast, unstructured 
formulations explicitly specify thresholds, leading to near-perfect performance.
Errors are concentrated in Llama-4-maverick and Mistral-small-3.1-24b-instruct,
with the former showing reasoning inconsistencies and the latter occasionally
producing incorrect binary outputs despite identifying the correct number of
violations. Across models, error rates increase with longer temporal horizons,
particularly in weekly aggregation scenarios, where misclassification and viola-
tion miscounting become more frequent.

4.2 Explanations Analysis 

Expert evaluation (by two nutritionists) assessed explanations for correctness, 
clarity, traceability, and alignment with decisions for both patient and physi-
cian oriented perspectives. Across Use Cases 1–3, patient explanations varied in 
tone: some models (e.g., Llama-4-maverick) produced neutral responses, while
others (e.g., Deepseek-v3.2-exp, Gemini-3-pro) used more empathetic and moti-
vational language. Physician explanations were generally more structured, but
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Table 1. LLM decisions and violation counts across structured and unstructured use 
cases at increasing temperature values. Green indicates correct d ecision and violation
count, red indicates errors, and orange represents non-binary responses.

Structured Unstructured 
Model Use case 0.0 0.2 0.4 0.6 0.8 1.0 0.0 0.2 0.4 0.6 0.8 1.0 

Deepseek-v3.2-exp UC1 NO/0 YES/1 YES/1 YES/1 YES/1 YES/1 NO/0 NO/0 NO/0 NO/0 NO/0 NO/0 
Gemini-3-pro UC1 YES/1 YES/1 YES/1 YES/1 YES/1 YES/1 NO/0 NO/0 NO/0 NO/0 NO/0 NO/0 
Gpt-oss-120b UC1 YES/1 YES/1 YES/1 NO/0 NO/0 NO/0 NO/0 NO/0 NO/0 NO/0 NO/0 NO/0 
Grok-4.1-fast UC1 YES/1 YES/1 YES/1 YES/1 YES/1 YES/1 NO/0 NO/0 NO/0 NO/0 NO/0 NO/0 
Llama-4-maverick UC1 YES/1 YES/1 YES/1 OTH/1 YES/1 OTH/1 NO/0 NO/0 OTH/1 NO/0 NO/0 YES/1 
Mistral-small-3.1-24b-instruct UC1 YES/1 YES/1 YES/1 YES/1 YES/1 YES/1 YES/0 YES/0 NO/0 YES/0 YES/0 YES/0 
Qwen-vl-30b-a3b-thinking UC1 YES/1 YES/1 YES/1 YES/1 YES/1 YES/1 NO/0 NO/0 NO/0 NO/0 NO/0 NO/0 

Deepseek-v3.2-exp UC2 YES/1 YES/1 YES/1 NO/0 YES/1 NO/0 YES/1 YES/1 YES/1 YES/1 YES/1 YES/1 
Gemini-3-pro UC2 YES/1 YES/1 YES/1 YES/1 YES/1 YES/1 YES/1 YES/1 YES/1 YES/1 YES/1 YES/1 
Gpt-oss-120b UC2 YES/1 YES/1 YES/1 YES/1 YES/1 YES/1 YES/1 YES/1 YES/1 YES/1 YES/1 YES/1 
Grok-4.1-fast UC2 YES/1 YES/1 YES/1 YES/1 YES/1 YES/1 YES/1 YES/1 YES/1 YES/1 YES/1 YES/1 
Llama-4-maverick UC2 OTH/1 OTH/1 YES/1 YES/1 OTH/2 YES/1 YES/1 OTH/1 OTH/0 YES/1 YES/1 YES/1 
Mistral-small-3.1-24b-instruct UC2 YES/1 YES/1 YES/1 YES/1 YES/1 YES/1 YES/1 YES/1 YES/1 YES/1 YES/1 YES/1 
Qwen-vl-30b-a3b-thinking UC2 YES/1 YES/1 YES/1 YES/1 YES/1 YES/1 YES/1 YES/1 YES/1 YES/1 YES/1 YES/1 

Deepseek-v3.2-exp UC3 YES/2 YES/2 YES/2 YES/2 YES/2 YES/2 YES/2 YES/2 YES/2 YES/2 YES/2 YES/2 
Gemini-3-pro UC3 YES/2 YES/2 YES/2 YES/2 YES/2 YES/2 YES/2 YES/2 YES/2 YES/2 YES/2 YES/2 
Gpt-oss-120b UC3 YES/2 YES/2 YES/2 YES/2 YES/2 YES/2 YES/2 YES/2 YES/2 YES/2 YES/2 YES/2 
Grok-4.1-fast UC3 YES/2 YES/2 YES/2 YES/2 YES/2 YES/2 YES/2 YES/2 YES/2 YES/2 YES/2 YES/2 
Llama-4-maverick UC3 OTH/0 OTH/0 YES/2 YES/2 YES/2 YES/2 YES/2 OTH/0 YES/2 YES/2 OTH/1 YES/2 
Mistral-small-3.1-24b-instruct UC3 YES/2 YES/2 YES/2 YES/2 YES/1 YES/2 YES/2 YES/2 YES/2 YES/2 YES/2 YES/2 
Qwen-vl-30b-a3b-thinking UC3 YES/2 YES/2 YES/2 YES/2 YES/2 YES/2 YES/2 YES/2 YES/2 YES/2 YES/2 YES/2 

Deepseek-v3.2-exp UC4 YES/1 YES/1 YES/1 YES/1 YES/1 YES/1 YES/1 YES/1 YES/1 YES/1 YES/1 YES/1 
Gemini-3-pro UC4 YES/1 YES/1 YES/1 YES/1 YES/1 YES/1 YES/1 YES/1 YES/1 YES/1 YES/1 YES/1 
Gpt-oss-120b UC4 YES/1 YES/1 YES/1 OTH/1 YES/1 YES/1 YES/1 YES/1 YES/1 YES/1 YES/1 YES/1 
Grok-4.1-fast UC4 YES/1 YES/1 YES/1 YES/1 YES/1 YES/1 YES/1 YES/1 YES/1 YES/1 YES/1 YES/1 
Llama-4-maverick U C4 YES/1 OTH/4 YES/1 YES/1 YES/1 YES/1 YES/1 YES/1 OTH/7 YES/1 OTH/7 OTH/1 
Mistral-small-3.1-24b-instruct UC4 YES/2 YES/2 YES/2 YES/2 YES/2 YES/2 YES/1 YES/1 OTH/1 YES/1 YES/1 YES/1 
Qwen-vl-30b-a3b-thinking UC4 YES/1 YES/1 NO/0 YES/1 YES/1 YES/1 YES/1 YES/1 YES/1 YES/1 YES/1 YES/1 

Deepseek-v3.2-exp UC5 YES/1 YES/2 YES/1 YES/2 YES/1 YES/1 YES/2 YES/2 YES/2 YES/2 YES/2 YES/2 
Gemini-3-pro UC5 YES/2 YES/2 YES/2 YES/2 YES/2 YES/2 YES/2 YES/2 YES/2 YES/2 YES/2 YES/2 
Gpt-oss-120b UC5 YES/2 YES/2 YES/2 YES/2 YES/2 YES/2 YES/2 YES/2 YES/2 YES/2 YES/2 YES/2 
Grok-4.1-fast UC5 YES/2 YES/2 YES/2 YES/2 YES/2 YES/2 YES/2 YES/2 YES/2 YES/2 YES/2 YES/2 
Llama-4-maveric k UC5 OTH/0 OTH/0 YES/2 YES/2 YES/1 YES/2 YES/2 YES/2 YES/2 OTH/0 OTH/2 OTH/0
Mistral-small-3.1-24b-instructUC5 NO/0 YES/1 NO/0 NO/0 OTH/1 YES/3 YES/2 YES/2 YES/1 YES/1 YES/1 YES/2
Qwen-vl-30b-a3b-thinking UC5 YES/2 YES/1 YES/2 YES/1 YES/2 YES/1 YES/2 YES/2 YES/2 YES/2 YES/2 YES/2

only Grok-4.1-fast consistently provided strong traceability, explicitly linking 
decisions to patient attributes and knowledge graph entities. A consistent pattern 
is the difference in temporal granularity across audiences: physician explanations 
include more explicit timestamps, while patient explanations are more generic. 
In weekly scenarios (Use Cases 4–5), most models correctly aggregated temporal 
information but shifted toward more abstract explanations. Some models intro-
duced spurious constraints or showed inconsistencies between predicted decisions 
and explanation content. Grok-4.1-fast remained the most temporally detailed, 
often preserving event-level references ev en in aggregated settings, though occa-
sional language switching (Italian) was observed without affecting correctness. 
Overall, experts found that unstructured prompts lead to more coherent and 
aligned explanations, consistent with the performance trends in violation detec-
tion. However, variability in temporal detail and cross-audience consistency high-
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lights limitations in current LLMs for reliable temporally a ware clinical expla-
nation generation.

5 Conclusions and Future Works 

We evaluated seven recent LLMs on temporally dependent clinical reason-
ing and audience-tailored explanation generation using structured (Turtle) and 
unstructured clinical knowledge. The study addressed two research questions: 
(i) violation detection accuracy (RQ1) and (ii) the quality and consistency of 
audience-specific explanations for patients and physicians (RQ2). For RQ1, 
LLMs perform more reliably with unstructured inputs, while structured Tur-
tle representations often lead to misinterpretations, particularly for threshold-
based rules and longer temporal dependencies. Errors increase with temporal 
complexity and are concentrated in a subset of models. For RQ2,  expert  eval-
uation shows that explanations are more coherent and guideline-aligned under 
unstructured prompts. Physician explanations include more explicit temporal 
references, whereas patient explanations are more abstract. Importantly, mod-
els may produce plausible explanations even when underlying decisions are 
incorrect, highlighting risks in relying on explanations alone. Overall, LLMs 
show potential as mediators in patient–physician communication, but their 
reliability in temporally grounded clinical reasoning remains limited. Prompt 
design, temporal robustness, and expert validation are key factors influenc-
ing performance. Future work should improve structured knowledge handling,
strengthen temporal reasoning, and better align decision accuracy with expla-
nation quality in clinical settings. In addition, integrating LLMs with hybrid
neuro-symbolic approaches [2,4,6] and multi-modal [1] clinical data (e.g., lon-
gitudinal records, signals, and imaging) may enhance robustness and support 
more reliable, context-aware reasoning in real-world settings. 
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Abstract. Artificial Intelligence is increasingly used in healthcare for 
clinical decision-making and personalized recommendations. However, 
most systems rely on an implicitly anthropocentric ethical framework 
that prioritizes short-term, patient-centered outcomes while overlooking 
long-term, systemic, and multi-agent consequences of clinical decisions. 
This paper introduces a healthcare-oriented instantiation of NAEL (Non-
Anthropocentric Ethical Logic), a computational framework that mod-
els ethics as an adaptive inferential process rather than static rules or 
external constraints. Grounded in active inference, NAEL frames ethi-
cal decision-making as the minimization of global expected free energy, 
extending agent-centric formulations to account for uncertainty induced 
across other agents and the environment. Ethical considerations are
embedded directly within the agent’s generative model and policy evalu-
ation. Through a conceptual ICU resource allocation case study, we show
how NAEL-driven policies differ from conventional short-term optimiza-
tion approaches, highlighting their potential for clinically informed and
ethically coherent decision-making in complex healthcare settings.

Keywords: Healthcare Decision Support Systems · Medical AI · 
Non-Anthropocentric Ethics · Activ e Inference · Ethical Logic ·
Neuro-Symbolic AI

1 Introduction 

Artificial Intelligence (AI) systems are increasingly embedded in healthcare, 
supporting clinical decision-making, patien t monitoring, prevention strategies,
and personalized recommendations [5,16]. Most current deployments rely on 
an implicitly anthropocentric ethical paradigm, optimizing short-term, human-
centered objectives such as immediate clinical outcomes and individual patient
preferences [13]. While effective in many settings, this perspective is limited 
when healthcare decisions are embedded in broader socio-ecological systems, 
where outcomes unfold across temporal, en vironmental, and collective dimen-
sions. This limitation reflects a deeper conceptual issue in current AI ethics
c The Author(s), under exclusive license to Springer Nature Switzerland AG 2027 
P. Andreev et al. (Eds.): AIME 2026, LNAI 16749, pp. 79–84, 2027. 
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for healthcare, i.e., a focus on individual human preferences that neglects the
relational and multi-scale nature of health [15]. Health outcomes emerge from 
interactions among individuals, social systems, technologies, and ecological envi-
ronments, requiring decision-making that accounts for both short-term clinical 
goals and long-term collective consequences. Addressing this challenge calls for 
a shift to ward adaptive, non-anthropocentric ethical reasoning capable of inte-
grating multi-agent and multi-scale considerations [12]. To this end, we intro-
duce a healthcare-oriented instantiation of NAEL (Non-Anthropoc entric Ethi-
cal Logic) [11], a framework that models ethics as a context-sensitive inferen-
tial process rather than a fixed set of rules or utility functions. Grounded in 
Active Inference, NAEL reframes ethical behavior as the minimization of global
expected uncertainty, extending standard agent-centric formulations to account
for broader environmental and multi-agent effects [14]. In this work, we opera-
tionalize NAEL in a healthcare decision-support agent that generates recommen-
dations considering both immediate clinical indicators and longer-term systemic 
factors a ligned with sustainability objectives such as the United Nations ESG
goals [17]. Unlike conventional approaches, sustainability considerations are not 
treated as external constraints but are directly embedded within the agent’s
generative model of the world.

2 Related Work 

Formal logic has long been used for ethical reasoning in artificial systems, partic-
ularly where decisions require transparency and normative justification. Deontic 
and argumentation-based approaches enable explicit representation of obliga-
tions, permissions, and conflicts under uncertainty [8]. However, purely sym-
bolic methods struggle in healthcare settings due to noisy data, probabilistic 
outcomes, and evolving clinical knowledge. Neuro-symbolic AI addresses these 
limitations by com bining neural representation learning with symbolic reason-
ing, and has been applied in different applications [1–4,6,7,9] . While these 
approaches improve robustness and interpretability, their ethical reasoning is 
typically encoded as static constraints over short-term clinical objectives. Active 
inference provides a complementary perspective by modeling perception and
action as minimization of expected free energy under uncertainty [10], with 
hierarchical extensions enabling multi-level decision-making relevan t to health-
care [14]. However, existing formulations remain largely agent-centric, focusing 
on individual outcomes without explicitly modeling uncertainty propagated to 
other agents or broader socio-environmental systems. In parallel, AI ethics in 
healthcare is predominantly framed through anthropocentric principles such as
beneficence, autonomy, and fairness [13], with limited attention to long-term 
or systemic effects. Overall, while significant progress has been made in formal 
ethical reasoning, neuro-symbolic decision support, and uncertainty-aware mod-
eling, these strands remain largely disconnected. There is still a lack of unified 
frameworks that integrate ethical reasoning, probabilistic decision-making, and
long-term systemic considerations in healthcare, motivating the need for non-
anthropocentric models operating across temporal and relational scales.
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3 NAEL: Non-Anthropocentric Ethical Logic 

NAEL [11] addresses settings where ethical adequacy cannot be reduced to short-
term, agent-centric optimization, but instead emerges from long-term interac-
tions among multiple agents and systems. It conceptualizes ethics as an adap-
tive inferential process embedded w ithin an agent’s decision-making architec-
ture, enabling non-anthropocentric reasoning in complex environments such as
healthcare.
Ethics as Inference and Active Inference Foundations. Unlike tradi-
tional approaches that encode ethics as external constraints or predefined objec-
tives, NAEL treats ethical reasoning as inference under uncertainty. Agents con-
tinuously update beliefs about the consequences of their actions and evaluate 
alternative policies based on evolving knowledge. Ethical adequacy is thus a 
dynamic property of the agent’s interaction with a partially observable envi-
ronment, rather than a static property of individual decisions. This perspective
is grounded in active inference, where perception and action are framed as the
minimization of variational and expected free energy [10,14]. Agents maintain a 
generative model over observations and latent states, updating beliefs to reduce 
uncertainty and selecting actions that balance epistemic (information-seeking) 
and pragmatic (goal-directed) objectives. In NAEL, preferences are interpreted 
as prior beliefs over desirable states, and ethical considerations are embedded
directly within the generative model rather than imposed as external reward
functions.
Global Expected Free Energy. Standard active inference evaluates policies 
from an individual perspective. NAEL extends this formulation by introducing 
global expected free energy, which captures the uncertainty induced by a policy 
across multiple agents and the environment, Gglobal(π)  = N 

i=1 EQi
[Fi(π)] + 

Fenv(π), where π denotes a candidate policy, Fi(π) is the expected free energy 
associated with agent i,  and  EQi

[·] denotes expectation under agent i’s beliefs 
Qi.  The  term  Fenv (π) captures uncertainty induced at the environmental or
system level. This formulation evaluates policies based on the total uncertainty
they generate across agents and environment, enabling system-level rather than
agent-centric decision-making.
Neuro-Symbolic Ethical Reasoning. NAEL adopts a neuro-symbolic archi-
tecture combining probabilistic inference with symbolic reasoning. Subsym-
bolic components handle perception and prediction, while symbolic components 
encode ethical structure within the generative model. These include: Deontic 
logic, where normative constraints are represented using modal operators over 
propositions φ,  namely  Oφ (obligatory), Pφ (permitted), and Fφ (forbidden), 
with standard relations such as Fφ ≡ O¬φ, constraining the admissible pol-
icy space; Standpoint logic, where reasoning across agents is modeled using 
indexed modalities Ai, and expressions of the form From(Ai,  φ) denote that 
proposition φ holds under agent i’s epistemic perspective, enabling evaluation
from multiple stakeholder viewpoints; and Subjective logic, where beliefs are
represented as triples ωφ = (bφ, dφ, uφ), with bφ + dφ + uφ = 1, capturing belief,
disbelief, and uncertainty, respectively, which propagate through logical expres-
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sions and influence confidence in inferred conclusions. By integrating these com-
ponents within the generative model, NAEL ensures that action selection jointly 
accounts for normative constraints, multi-agent perspectives, and uncertainty.

4 Use Case: Ethical ICU Resource Allocation 

To demonstrate the generality of NAEL, we consider an ICU resource allo-
cation scenario under conditions of sustained demand (e.g., pandemic surge). 
An autonomous decision-support agent assists clinicians in allocating scarce 
resources such as ICU beds, ventilators, and staff time among patients with 
heterogeneous clinical profiles. At each decision point, the agent must balance 
competing objectives including patient survival, uncertainty in prognosis, staff 
workload, and overall system stability, which cannot be reduced to a single util-
ity function. The agent operates through a unified active inference framework. 
It first constructs a generative model to infer latent clinical and system states 
st (e.g., disease severity, staff fatigue, capacity) from observations ot (e.g., vital 
signs, laboratory results, staffing levels). The model defines priors P (s1), like-
lihood P (ot|st), and state transitions P (st+1|st,  at), while preferences C(ot+1) 
encode desirable outcomes such as survival, fairness, and resource stability. Based 
on these inferred states, candidate actions are evaluated using NAEL’s inte-
grated ethical reasoning process. Deontic logic encodes normative constraints 
over actions, such as critical(p, t) → O(aICU (p, t + 1)), ensuring that critical 
patients are prioritized when resources are available. Standpoint logic evaluates 
each action from multiple stakeholder perspectives, including patients, staff, and
the hospital system, formalized as From(Apatienti , φi), From(Astaff , ψ), and
From(Ahospital, γ), capturing clinical outcomes, workload considerations, and
system-level stability. Subjective logic represents uncertain or incomplete infor-
mation using (b, d, u) belief triples, allowing the agent to down-weight unreli-
able evidence and optionally request additional information under high uncer-
tainty. Finally, actions at are selected by minimizing global expected free energy,
a∗

t = argmina∈AT
Gglobal(a), which integrates clinical outcomes, epistemic uncer-

tainty, and ethical constraints into a single decision criterion.

5 Conclusions 

When instantiated in healthcare, NAEL (Non-Anthropocentric Ethical Logic) 
provides a principled framework for medical decision-support across temporal, 
clinical, relational, and systemic dimensions. Healthcare decisions inherently 
involve trade-offs between immediate patient outcomes, long-term trajectories, 
resource allocation, and broader system-level impacts. NAEL enables AI systems 
to evaluate recommendations not only for short-term clinical effectiveness but 
also for their contribution to uncertainty reduction, equity, and system sustain-
ability, supporting clinically effective and ethically coherent decisions. Through
an ICU resource allocation case study, we illustrated how NAEL integrates sub-
symbolic perception with symbolic ethical reasoning to support action selection



Seeing the Wood for the Trees 83

in high-stakes environments. Rather than replacing clinical guidelines or pro-
fessional judgment, NAEL is intended to augment decision-making by making 
explicit ethical and systemic trade-offs that are often implicit in current sys-
tems. Compared to conventional AI ethics approaches in healthcare, NAEL 
introduces three main advantages: (i) dynamic adaptation via probabilis-
tic ethical representations, (ii) transparency through explicit symbolic rea-
soning traces, and (iii) multi-stakeholder integration across patient, staff, 
and institutional perspectives. Despite its promise, NAEL remains a theoretical 
framework. The presented case relies on simplified assumptions, and real-world 
deployment would require richer clinical models and longitudinal data. Addi-
tional challenges include value specification, governance of ethical priors, com-
putational scalability, and the translation of symbolic reasoning into clinically
usable explanations. Future work will focus on empirical validation and scalable
implementations in realistic healthcare environments.

Disclosure of Interests. The authors have no competing interests to declare that 
are relevant to t he content of this article.
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Abstract. Low- and middle-income countries (LMICs) are rapidly adopting arti-
ficial intelligence (AI) for clinical decision support, triage, and health system 
optimization, yet governance capacity often lags behind deployment. This cre-
ates a high-stakes tension: innovators must move quickly to address workforce 
shortages and care gaps, while regulators and health systems must ensure safety, 
privacy, equity, and accountability. We present a practical governance approach, 
Regulatory-Ethics-by-Design (REBD), that bridges innovation and regulation by 
operationalizing legal compliance and ethical safeguards across the medical AI 
lifecycle in LMIC settings. REBD integrates three components: regulatory trace-
ability, context-aware ethical risk assessment, and RegOps (regulatory operations), 
defined here as lifecycle-integrated processes that embed compliance, monitoring, 
and documentation into AI development and deployment workflows. Through rep-
resentative use cases in AI-assisted diagnostics and patient-risk prioritization, we 
demonstrate how REBD supports transparent oversight and responsible innova-
tion. REBD offers an actionable roadmap for clinicians, researchers, and policy-
makers to strengthen regulatory readiness while accelerating ethical medical AI 
adoption in LMIC health systems 

Keywords: Responsible AI governance · Medical AI ethics and regulation · 
Low- and middle-income countries 

1 Introduction 

Artificial intelligence (AI) is moving from proof-of-concept to routine use in clinical 
pathways, including imaging triage, clinical decision support, and service optimization 
[1]. In low- and middle-income countries (LMICs), these tools are often introduced to 
offset shortages of specialist clinicians, limited diagnostic infrastructure, and uneven 
access to care [2]. At the same time, the conditions that motivate rapid adoption— 
heterogeneous populations, fragmented health information systems, and constrained 
monitoring capacity also increase the likelihood of harm if AI systems are deployed 
without robust safeguards.
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Global guidance on trustworthy AI for health is evolving, but translating high-
level principles into auditable, day-to-day development and deployment processes 
remains challenging in resource-constrained settings [1]. This creates a tension between 
innovation and oversight: programs need rapid iteration and scale-up, while regula-
tors and implementers need evidence of clinical safety, sound data governance, clear 
accountability, and mechanisms to detect and respond to performance degradation over 
time. 

Existing global frameworks, including WHO guidance on ethics and governance 
of AI for health, provide important principles such as transparency, accountability, 
inclusiveness, and safety, but they do not fully specify how these principles can be 
embedded into routine development, deployment, and monitoring workflows in resource-
constrained settings. We therefore propose Regulatory-Ethics-by-Design (REBD), a 
practical governance approach that complements existing guidance by embedding legal 
compliance and ethical safeguards across the medical AI lifecycle in LMIC settings 
through regulatory traceability, context-aware ethical risk assessment, and RegOps-
enabled monitoring. REBD supports audit-ready documentation of data provenance, 
consent, model changes, decision logs, subgroup performance, and deployment deci-
sions, while prioritizing LMIC-amplified risks such as dataset shift, inequitable access, 
privacy breaches, limited redress, inadequate accountability, and patient safety harms. 
We illustrate REBD using representative diagnostic decision support and patient-risk pri-
oritization deployments relevant to African health systems, while noting that its effects 
on safety, equity, and implementation outcomes require prospective evaluation. 

2 Regulatory-Ethics-by-Design Framework 

The proposed REBD framework embeds ethical and legal considerations directly into 
the AI development and deployment lifecycle. Regulatory traceability ensures auditable 
documentation of data provenance, consent, and model updates (see Fig. 1). Context-
aware ethical risk assessment prioritizes risks such as dataset shift and inequitable access. 
RegOps pipelines integrate compliance checks into continuous development workflows, 
enabling real-time governance without impeding innovation. 

3 Illustrative Use-Cases 

The following use cases are illustrative real-world medical AI deployments used to 
demonstrate how REBD could be applied. They are not formal implementations of the 
REBD framework by the present authors. 

3.1 AI-Assisted Diagnostic Decision Support in LMICs 

AI-assisted diagnostic decision support systems have been deployed in several LMIC 
health systems to address specialist shortages and improve diagnostic coverage, partic-
ularly in imaging-based screening programs. A prominent example is the use of deep 
learning systems for diabetic retinopathy (DR) screening in Zambia, where an AI model
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Fig. 1. Regulatory-Ethics-by-Design (REBD) framework for medical AI in low- and middle-
income countries (LMICs) especially in Africa. The figure illustrates how REBD bridges inno-
vation and regulation by embedding ethical and legal safeguards across the medical AI lifecycle. 
The framework integrates three core components regulatory traceability (data provenance, con-
sent, and audit-ready decision logs), context-aware ethical risk assessment (addressing risks such 
as dataset shift, inequitable access, and weak redress mechanisms), and RegOps pipelines (privacy, 
clinical safety, and accountability checks) across development, deployment, and model updating. 
REBD supports transparent oversight and responsible innovation while remaining adaptable to 
resource-constrained health system contexts. 

was integrated into a national screening workflow and evaluated under real-world clinical 
conditions. In this deployment, AI outputs were reviewed by human graders, enabling 
task shifting while maintaining clinical safety and accountability [3]. This use case under-
scores the importance of regulatory traceability documenting data provenance, grading 
decisions, and model updates to support auditability and clinical governance. 

Similarly, computer-aided detection (CAD) systems for tuberculosis (TB) have been 
deployed across multiple sub-Saharan African settings to support chest X-ray interpreta-
tion in high-burden, resource-constrained environments. Large-scale validation studies 
show that deep learning–based CAD tools can achieve clinically acceptable performance 
for TB screening in routine care, including among populations with high HIV preva-
lence [4, 5]. These deployments highlight the need for continuous bias and performance 
monitoring, as model performance may vary across sites, populations, and imaging 
equipment—an issue explicitly addressed within REBD through context-aware ethical 
risk assessment and RegOps-enabled monitoring. 

3.2 Patient-Risk Prioritization and Triage 

AI-based risk prioritization tools have also been implemented to support clinical triage 
and workflow optimization in LMIC settings. In maternal health, deep learning models 
have been used to estimate gestational age from ultrasound sweeps acquired by minimally 
trained operators in public-sector facilities in Zambia, enabling improved antenatal risk 
stratification where specialist sonographers are scarce [6]. Multi-country evaluations 
across African settings further demonstrate that such models can be susceptible to dataset
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shift when deployed outside their original training context, underscoring the importance 
of deployment-specific validation and adaptive governance mechanisms [7]. 

More recently, AI-based systems for cervical precancer screening have been 
prospectively evaluated across multiple African countries, demonstrating feasibility for 
population-level risk prioritization while raising important considerations around con-
sent, equitable access, and regulatory oversight. Within REBD, these challenges are 
addressed by embedding privacy, clinical safety, and accountability checks into deploy-
ment pipelines, alongside transparent documentation of model updates and decision 
thresholds. Together, these use cases show that AI systems are already being deployed 
in LMIC health systems, while also exposing governance gaps related to traceabil-
ity, bias, and regulatory readiness. REBD provides a structured approach to address-
ing these gaps without impeding iterative innovation by emphasizing auditable data 
provenance, deployment-specific validation, subgroup-aware monitoring, predefined 
escalation pathways, and documentation of model updates and decision thresholds. 

4 Discussion 

REBD is intended to make governance actionable rather than aspirational. In LMIC 
deployments where clinical resources and regulatory capacity can be constrained, the 
practical question is not whether transparency, fairness, and accountability are desirable, 
but how implementers can demonstrate these properties consistently in real operational 
workflows. By coupling traceability artefacts (e.g., consent and provenance records, 
decision logs, and change histories) with explicit risk assessment and embedded compli-
ance checks, REBD supports auditability and clearer accountability across stakeholders, 
including developers, implementers, clinicians, and regulators. 

The African use cases motivate lifecycle governance. Diagnostic AI (e.g., diabetic 
retinopathy screening and TB computer-aided detection) can deliver value at scale, yet 
performance can vary across sites, devices, and populations and may degrade as clinical 
practice or case-mix changes. Without monitoring and update controls, these shifts can 
widen inequities and erode trust. Similarly, triage and risk-prioritization systems can 
influence downstream access to scarce services; therefore, governance should include 
pre-specified decision thresholds, monitoring triggers, and escalation pathways for safe 
rollback or recalibration when drift is detected [7]. REBD addresses these needs through 
RegOps pipelines that treat compliance and monitoring as continuous processes rather 
than one-time approvals. 

5 Conclusion 

REBD provides a lightweight, auditable, and adaptable governance framework for med-
ical AI in LMICs. By bridging innovation and regulation, it supports responsible AI 
adoption and offers practical guidance for policymakers, clinicians, and researchers 
working toward equitable and trustworthy AI-enabled healthcare. 

Disclosure of Interests. The authors have no competing interests to declare that are relevant to 
the content of this article.
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Abstract. An electrocardiogram (ECG) is a vital instrument for heart-
related disease diagnosis through wearable devices for early treatment. 
Despite the recent rapid advancement in the development of large lan-
guage models (LLMs), they are not widely adopted and utilized. In this 
work, we propose a multimodal framework for ECG signal processing 
and interpretation based on LLMs and vision-based language models 
(VLMs). By aligning the ECG time series features, text-based clinical 
ECG report, and visualized ECG signal through a trainable attention 
module, our framework provides accurate physiological analysis. Our 
findings demonstrate that by leveraging pre-trained LLMs and with the
addition of the visual domain, which is rarely used in ECG diagnosis,
we can enhance medical text interpretation without a heavy retrain-
ing computational load. This work contributes toward a more efficient
and accurate physiological diagnosis, which enables smart AI healthcare
applications and a potential multi-task medical assistant in the future.

Keywords: Electrocardiogram · Multimodal AI · Large Language 
Models · AI in Healthcare · Report Generation

1 Introduction 

Electrocardiograms (ECGs) play a crucial role in assessing a patient’s physiolog-
ical states by capturing the cardio signal and monitoring the heart’s function. 
Nevertheless, ECG signals are generally susceptible to noise and interferences 
such as electrode misalignment, movement artifacts, or electrical noise during 
recording s essions or through wearable sensors, which can affect the morpholog-
ical characteristics of the waveforms, causing misreading or misdiagnosis based
on the received signals [4]. In addition, it is time-consuming, inefficient, and cost-
ineffective to manually extract and process the hand-crafted ECG features. Thus, 
automated ECG signal processing becomes the preferred choice due to superior
accuracy and lower inference time. Traditional ECG processing methods rely on
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conventional threshold-based and rule-based approaches, which cannot adapt to 
complex, non-linear ECG artifact patterns; thus, t heir capabilities to deal with
practical signals are limited [7]. Recently, deep learning-based ECG signal pro-
cessing has gained momentum due to the rapid advancement of convolutional 
neural networks (CNNs) and transformer-based processing. Using deep layers of 
large parameter convolutional blocks, they impro ve the feature extraction pro-
cess, extract more meaningful information from the input ECG waveforms, and
increase the classification accuracy [3,5]. In addition, with the breakthrough in 
natural language processing (NLP), particularly large language models (LLMs), 
several studies explore the alignment betw een textual features and extracted
ECG features to generate diagnosis and interpretation [1]. However, these works 
mostly focus on feature alignment between the textual and single-dimensional
(1-D) ECG domains and neglect other modalities.

In this work, we propose a multimodal framework that leverages the visual, 
textual, and physiological domains to accurately generate textual reports for 
ECG signal analysis. Experiment results prove that by utilizing pre-trained large 
vision language models (LVLMs) as the visual encoder, and pre-trained LLMs as 
the output head for textual generation, we can achieve modestly accurate ECG
interpretation, enabling future research on multimodal ECG signal processing
for smart artificial intelligence (AI) applications in biomedical and healthcare.

2 Methodology 

Fig. 1. Architecture of our proposed framework with the input raw ECG signals XE , 
visualized ECG XV , and the textual report XT . The unified sequence S is produced 
by concatenating the linear projected embeddings from the extracted features of the
three encoders, and FFused acts as the input fed into the pre-trained LLM to produce
natural language generation output.



92 H. D. Nguyen et al.

Our proposed tri-modal framework is summarized in Fig. 1. The architecture con-
sists of a lightweight hybrid CNN-Transformer ECG encoder, text embeddings, 
a pre-trained vision encoder, a multimodal attention mechanism that utilizes 
the unified sequence to model the intra-domain and cross-domain relationships, 
and a pre-trained LLM that serves as the task head for text generation. Let the
input for the 3 encoders be XE , XV , and XT , respectively.

ECG Encoder. To process the 12-lead ECG signals, a hybrid architecture 
of CNN and Transformers was used to capture both local morphological fea-
tures and long-range dependencies of the signal. The signal first goes through 
four layers of 1-D CNN to capture the local waveform patterns, with the last 
layer expanding to the channel dimension DE . Subsequently, three Transformer 
blocks, each consisting of a Multi-Head Self-Attention (MHSA) module with 
a Feed-Forward Network (FFN), were used to produce the ECG feature FE

throughout the recording duration NE defined as

FE = EECG(XE) = Transformer(CNN(XE) + Ppos), FE ∈ R
NE×DE . (1) 

Text Embedder. To extract the information from each ECG report, we employ 
the pre-trained text embedder [6] to map tokenized clinical texts into a sequence 
of dimensional embeddings, DT . By leveraging a pre-trained text encoder from 
a vision-language model, we preserve the fine-grained details that are already 
aligned with visual input, accelerating the training of the subsequent fusion
module, shown as: FT = ET (XT ), FT ∈ R

NT ×DT .

Vision Encoder. Capturing high-level features from the visualized ECG image 
is performed via a pre-trained vision encoder. While ECG images differ signif-
icantly from natural images, utilizing a pre-trained encoder on natural images 
(e.g., ImageNet) is highly beneficial. The shallow convolutional layers act as gen-
eralized feature extractors, detecting low-level features such as grid lines, wave-
form morphologies (e.g., P-waves, QRS complexes), and signal spikes. Given the
input image XV , the pre-trained encoder EV produces the output visual features
FV as: FV = EV (XV ), FV ∈ R

NV ×DV .

Multimodal Attention. Unlike pairwise cross-attention (text-image, text-
ECG signal) that scales quadratically with the number of modalities, we first 
employ a linear projection on each domain output feature Fi (i ∈  {E, T, V })  from  
each encoder to a shared embedding space Dshared to obtain the unified feature 
F̂i = FiWi + bi,  where  Wi ∈ RDi×Dshared . By utilizing modality embedding Ui, 
the three feature embeddings Hi = F̂i +Ui,  where  Ui ∈ R1×Dshared , are then con-
catenated together to form a single unified sequence S = Concat(HV ,  HT ,  HE), 
where S ∈ R(NV +NT +NE )×D shared . A Transformer Self-Attention layer is then
used to model the intra-domain relationship, e.g., 1-D ECG and 1-D ECG, and
cross-domain relationship accordingly to produce the attention ZFused:

ZFused = Attention(Q,K, V ) = Softmax
QKT

√
Dshared

, (2)
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where Q = SWQ, K = SWK ,  and  V = SWV are the query, key, and value 
respectively. Finally, a LayerNorm layer is used to produce the fused fea-
ture FF  used  to the d esired output dimension for the LLM input: FFused =
LayerNorm(S + Zfused).

Pre-trained LLM as Task Head. To translate the output multimodal fused 
features into an ECG textual report, we utilize state-of-the-art pre-trained LLMs 
and prompt them to generate a natural language description of the ECG signal. 
All prompts are embedded to form a prompt representation, concatenated with 
the final output multimodal ECG f eatures to form the input for the LLMs,
described by OLLM = MLP(FFused), OLLM ∈ R

(NV +NT+NE)×DLLM .

3 Experiments 

Table 1. Evaluation of natural language generation metrics on the MEETI dataset. 
Model sizes are denoted by ‘M’ for millions and ‘B’ for billions of parameters. Results 
highlight ed in Bold and Underline italic represent the best and second-best scores,
respectively.

Vision Encoder Size Interpreted LLM Size BLEU-1 BLEU-2 BLEU-4 ROUGE-L ROUGE-1 ROUGE-2 
LLaVA-Next 7B LLama-3 8B 0.722 0.687 0.625 0.759 0.780 0.683 
LLaVA-Next 7B Mistral-Nemo 12B 0.745 0.701 0.658 0.773 0.786 0.696 
SigCLIP 400M LLama-3 8B 0.632 0.538 0.461 0.556 0.601 0.574 
SigCLIP 400M Mistral-Nemo 12B 0.648 0.572 0.491 0.583 0.628 0.602 
DINOv2-Giant 1.1B LLama-3 8B 0.651 0.582 0.502 0.637 0.673 0.601 
DINOv2-Giant 1.1B Mistral-Nemo 12B 0.682 0.639 0.579 0.710 0.701 0.673 
BiomedCLIP 200M LLama-3 8B 0.629 0.535 0.479 0.548 0.593 0.565 
BiomedCLIP 200M Mistral-Nemo 12B 0.636 0.535 0.449 0.573 0.612 0.593 

3.1 Experiment Settings 

In this work, the MIMIC-IV dataset [2] and its extension MEETI [8]  are  used  for  
the visualized ECG images. MIMIC-IV is the largest publicly available multi-
modal ECG dataset with 12-lead ECG raw signals with corresponding diagnostic 
reports, while the MEETI dataset provides raw ECG images corresponding to 
MIMIC-IV in a 85:15 data split. The experiments are conducted on a single 
NVIDIA RTX 5090 GPU with PyTorch 2.0. AdamW optimizer is used with a 
learning rate (LR) of 10−3, β1 =  0.9,  and  β2 =  0.99. For the learning rate sched-
uler, CosineAnnealingLR is used with a minimum LR of 10−5.  Batch  size  is  set  
to 32 with 100 training epochs; early stopping is employed after 5 epochs with-
out improvement in validation loss, and the dropout rate is set to 0.1 with 10−4

weight decay to prevent overfitting. During training, ECG reports are provided
for the model to map the raw signal and ECG image to the text, while during
inference, the framework can generate the textual reports from input signal and
image solely.
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3.2 Results and Discussion 

To assess the quality of the generated ECG report, we use the two common nat-
ural language generation metrics, BLEU and ROUGE. BLEU is used to mea-
sure phrase overlap (n-grams) between the generated report and the clinician’s 
ground truth report, indicating better lexical representation. On the other hand, 
ROUGE focuses on the recall rate of how much of the clinical text is captured
by the model, with ROUGE-L measuring the longest common subsequence, and
higher ROUGE ensures all key information on ECG reports is captured. Table 1 
illustrates the experiment results using 4 different vision encoders, LLaVA-Next, 
SigCLIP, DINOv2, and BiomedCLIP; and 2 different LLMs for output interpre-
tation, LLama-3 and Mistral-Nemo.

From Tabl e 1, it can be seen that combining LLaVA-Next and Mistral-Nemo 
yields the best results across all metrics. This can be potentially attributed 
to the complexity of the models (7B parameters and 12B parameters, respec-
tively), proving the superior ability to capture and encode high-level informa-
tion and complex structural dependencies compared to smaller-scale encoders. In 
addition, BiomedCLIP (200M parameters), a biomedical visual encoder, yields 
almost similar performance (e.g., BLEU-1 of 0.636 vs. 0.648 with Mistral Nemo) 
to SigCLIP (400M parameters), an encoder with twice the number of parame-
ters, proving the usefulness of domain-specific pre-training. Nevertheless, these
encoders are more efficient in terms of computational complexity compared to
the state-of-the-art methods and yield viable results, which make them more
suitable for a resource-constrained environment or mass deployment.

4 Conclusions 

In this work, we propose a novel tri-modal ECG report generation framework 
integrating the raw 1-D signals, visualized images, and clinical textual reports. 
Extensive experiment results across multiple encoder and decoder configurations 
demonstrate the framework’s ability to generate accurate diagnosis reports. In 
the future, we plan to expand our framework to a multi-task system that is 
capable o f ECG signal quality assessment and denoising and utilize non-linear
extracted ECG features to further improve the framework’s performance, con-
tributing to the advancement of AI-based applications in the biomedical field.
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Abstract. Myocardial Infarction (MI) remains one of the leading causes 
of death worldwide. Electrocardiogram (ECG) is a reliable diagnostic 
tool for MI and its interpretation requires cardiology expertise. Advance-
ment of multimodal large language models (MLLMs) attracted attempts 
to interpret ECG images, but prior studies showed low accuracies. To 
address the issue, we investigated a few strategies for pretrained MLLMs: 
(1) inclusion of domain diagnostic prompt instruction, (2) few-shot tech-
nique by providing annotated examples in the prompt, and (3) adjust-
ment of model hyperparameters. On a corpus of 928 annotated 12-lead 
ECG images, our results utilizing Google Gemini 2.5 Pro and OpenAI
GPT-4o for MI versus non-MI classification showed noticeable perfor-
mance improvements. With 30-shot prompting, Gemini achieved 76.08%
accuracy and GPT-4o reached 81.57%, substantially outperforming prior
results (∼30%). GPT-4o also achieved a high balance between sensitivity
(71.55%) and specificity (85.05%).

Keywords: Myocardial infarction · Electrocardiogram · Multimodal 
large language model · Few-shot learning · ECG image interpretation

1 Introduction 

Myocardial infarction (MI), also known as heart attack, is caused by acute coro-
nary blood flow obstruction leading to ischemic myocardial injury. MI can be 
life-threatening and is often clinically silent. The chance of death due to this 
remains high if not treated in time. Electrocardiography (ECG) is a widely used 
and h ighly effective tool for detecting both acute and prior MI, with acute MI
typically reflected by ST-segment abnormalities and prior infarction indicated by
pathological Q-wave changes [3]. Since 1950’s, ECG has been established as the 
clinical benchmark for detecting myocardial infarction and other arrhythmias [2]. 
c The Author(s), under exclusive license to Springer Nature Switzerland AG 2027 
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Despite its central role, ECG interpretation can vary on subjectivity even 
among trained clinicians, which motivated on the development of AI-assisted
approaches [1]. Recent work has shifted ECG analysis toward generative AI.
Günay et al. [5] compared GPT-4, GPT-4o, and Gemini Advanced against car-
diologists on 40 ECG cases; GPT-4o showed the strongest AI agreement (Fleiss’ 
κ = 0.514) but still lagged behind human experts. Seki et al. [7] reported that 
MLLMs achieved approximately 30% accuracy in zero-shot ECG VQA with fre-
quent hallucinations. Lee et al. [6] evaluated multimodal LLMs (GPT-4o and 
Gemini 2.5 Pro) for MI detection from ECG images using zero-shot prompt-
ing with no domain-specific guidance, no few-shot examples, nor hyperparame-
ter tuning. Their results showed limited performance (65.95% for GPT-4o and 
29.63% for G emini), with highly imbalanced sensitivity and specificity and unre-
liable diagnostic explanations. Their study serves as the baseline for this work.

This study focuses on evaluating pretrained MLLMs in an inference-only 
setting. Although conventional and deep learning methods have shown highly
promising results [1], they typically require supervised model training with a 
large corpus of labeled data, and can be time-consuming and costly. Hence, these 
methods are outside the scope of this research. Building on our findings, this work 
aims to improve MI classification accuracy by (1) incorporating domain-specific
prompting, (2) few-shot examples, and (3) targeted hyperparameter adjustments
to promote more consistent output.

2 Method 

To improve performance, we experimented on Google Gemini 2.5 Pro and Ope-
nAI GPT-4o for ECG image in terpretation on a corpus of publicly available
12-lead ECG images [4]. Both of these state-of-the-art models were accessed via 
their APIs. The workflow involves feeding ECG images into a multimodal LLM 
along with the prompt and few shot examples with controlled h yperparameters,
to generate binary outputs (MI vs Non-MI). The overall experimental workflow
is shown in Fig. 1. 

2.1 Data 

A corpus of anonymized 12-lead ECG images from Kaggle [4]  was  used.  It  was  
categorized into four classes: MI, prior MI (PMI), abnormal heartbeat (HB), 
and normal (N), with 3,023 training and 928 test samples. Following the data
partition by Lee et al. [6], the test set was reformulated as a binary task (MI vs. 
Non-MI), where Non-MI class includes PMI, HB and N. For few-shot prompting, 
30 training images were r andomly selected from the training set: 15 MI and 15
Non-MI (5 PMI, 5 HB, and 5 normal) cases.

2.2 Prompt Design 

Unguided prompts can produce inconsistent outputs, while domain-informed 
prompts incorporating criteria of clinical diagnosis [3] can yield more accurate
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Fig. 1. Workflow of ECG image classification using MLLMs (Gemini 2.5 Pro and GPT-
4o) in a few-shot setting and with domain-informed prompts.

and stable predictions. We adopted a structured prompt defining the diagnostic 
task, output format, and classification categories (MI and Non-MI), with the 
system instruction: “You are an expert cardiologist specializing in ECG interpre-
tation.” Due to the token usage limitation, we did not ask the models to generate
explanations, although the reasoning capability was on.

To reduce latency and cost for few-shot technique, we leveraged Gemini 2.5 
Pro’s context caching to upload example images once and keep them in the 
model’s cache for reuse within the next 24 hours. GPT-4o does not support 
the same con text caching mechanism and requires uploading examples for every
request. The full prompt templates and additional implementation details are
available on GitHub1 . The goal of this work is to evaluate whether pretrained 
MLLMs can be effectively guided using a small nu mber of annotated examples
(few-shot examples), without any model retraining.

2.3 Hyperparameters 

Two hyperparameters of both models were adjusted in this study. Tempera-
ture controls the degree of randomness in a model’s output, and top p (nucleus 
sampling) restricts token selection to the most probable options. Starting from 
default values of 1.0 for both parameters, we experimented on multiple combi-
nations of 0.0, 0.1 and 0.5. We observed t hat temperature of 0.0 and top p of 0.1
produced the most consistent classifications across both models and improved
reliability for this task. Hence, these settings were used.

3 Results 

Table 1 presents the performance results of our zero-shot and few-shot prompting 
for both MLLMs in comparison with the zero-shot baseline results from [6]. 
Metrics include accuracy, F1-score, sensitivity (true positive rate), and specificity
(true negative rate).
1 https://github.com/adhikarj/ECG-Image-Classification. 
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Table 1. Performance of ECG classification for baseline (0-shot) and our methods 
(0-shot and 30-shot). Acc: accuracy, Improv: improvement f rom the baseline, Sensit:
sensitivity, and Specif: specificity.

Model Scenario Acc. Improv. F1 Sensit. Specif. 
Gemini 2.5 P ro Baseline 0-shot 29.63 – – 97.07 6.24 

Our 0-shot 72.63 +145% 66.23 56.49 78.23 
Our 30-shot 76.08 +157% 66.07 42.26 87.81 

GPT-4o Baseline 0-shot 65.90 – – 36.40 76.20 
Our 0-shot 68.86 +4.5% 63.73 60.67 71.70 
Our 30-shot 81.57 +24% 76.97 71.55 85.05 

The detailed results can be found on GitHub1. The confusion metrics for 
Gemini 2.5 Pro (zero-shot) correctly classified 135 MI (TP) and 539 Non-MI 
(TN) cases, with 104 false negatives (FN) and 150 false positives (FP), while 
GPT-4o correctly predicted 145 MI (TP) and 494 Non-MI (TN) cases, with 
94 FNs and 195 FPs. With 30-shot, both models show overall improve d per-
formance. Gemini 2.5 Pro identified 101 MI (TP) and 605 Non MI (TN) cases
correctly, whereas GPT-4o (30-shot) achieved the best overall balance by cor-
rectly identifying 171 MI (TP) and 586 Non-MI (TN) cases with fewer errors.

4 Discussions 

As can be seen in Table 1, the performance of both MLLMs improved noticeably 
over that of the baseline in zero-shot, with further gains from 30-shot prompting, 
and achieved a great balance between sensitivity and specificity, contributing to 
more accurate diagnosis of MI and exclusion of Non-MI cases. For zero-shot 
prompting, accuracy of Gemini 2.5 Pro increased from 29.63% (baseline) to 
72.63% (+145%), and GPT-4o from 65.90% (baseline)to 68.86% (+4.5%). With 
30-shot prompting, Gemini reached 76.08% (+157% from the baseline), while 
GPT-4o achieved the highest accuracy of 81.57% (+24% from the baseline). 
The F1-score for Gemini remained consistent (66.23% to 66.07%), whereas GPT-
4o improved from 63.73% to 76.97%. Gemini shifted from a highly imbalanced
baseline result (97.07% vs. 6.24%) to a more balanced profile (56.49% vs. 78.23%)
in zero-shot condition, but its 30-shot sensitivity dropped to 42.26%, indicating
a conservative bias toward Non-MI. GPT-4o achieved the best overall balance
in the 30-shot setting (71.55% vs. 85.05%).

An error analysis was conducted on a subset of 30 misclassified cases through 
manual validation by a clinician (author HF). The result indicates that most 
errors resulted from missed diagnostic cues and model v ariability. GPT-4o
showed higher prediction variability than Gemini, consistent with the known
non-deterministic behavior of LLMs.

A key limitation of this study is the binary r eformulation of four disorder
classes [6], limiting the granularity of the multiclass classification. Additionally,
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use of a public dataset introduces potential data leakage, which the study mod-
els may have seen in learning. However, consistent performance improvements 
suggest that the gains are driven by the proposed strategies rather than the 
learned knowledge in the models. Furthermore, this study is performed with a 
single 30-shot subset due to computational constraints. Different sets of few-shot
examples may reveal varying performance improvement, which remains a future
work of this study.

5 Conclusion 

This study demonstrates the performance improvement of our strategies with 
pretrained MLLMs for 12-lead ECG image interpretation, despite remaining 
accuracy gaps. Incorporating domain-specific prompting, hyperparameter tun-
ing, and a small number of examples substantially improved MI detection. These 
findings highlight the potential of MLLMs as scalable tools without additional
training.

Acknowledgement. The authors wish to thank 3 reviewers for their critiques and
constructive comments which improved the quality of this manuscript.
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Abstract. Artificial intelligence (AI) is rapidly reshaping hospital-based care and 
medical education, yet frontline clinicians often lack practical frameworks to eval-
uate and implement these tools safely and effectively. This presentation describes 
a multidisciplinary, hospital-based approach to adopting AI applications in both 
clinical workflows and teaching. The use of AI scribes, automated discharge sum-
maries, and educational chatbots are used as representative case studies. First, 
we outline key medico-legal, privacy, bias, and workflow considerations derived 
from national guidance and institutional experience at a large community teaching 
hospital in Toronto with a multidisciplinary AI working group. We then exam-
ine AI scribes for patient care, focusing on informed consent, data handling, 
specialty-specific prompting, and their impact on cognitive burden and documen-
tation quality in history-heavy fields such as geriatric medicine. Next, we present 
early work on large language model–generated discharge summaries, highlight-
ing feasibility, workload reduction potential, and current barriers related to data 
privacy, hallucinations, and integration with electronic medical records. Finally, 
we report results from an AI chatbot named Medbot designed to teach medical 
syndromes to learners, including completion rates and agreement between AI and 
human raters on performance assessment. Collectively, these examples illustrate 
how thoughtfully governed AI solutions can decrease clinician cognitive load, 
enhance patient care and enrich medical education while underscoring ongoing 
ethical, legal, and sociotechnical challenges that require clinician leadership and 
interdisciplinary collaboration. We will also demonstrate the AI scribe, automated 
discharge summary solution and educational AI chatbot at the conference. 

Keywords: Large Language Models · Hospitals · Discharge Summaries · 
Chatbots · Conversational Agents · Geriatric Medicine · Education 

1 Introduction 

Hospitals worldwide face escalating clinical complexity, documentation demands, and 
workforce burnout, particularly in internal medicine and geriatrics. AI technologies like 
LLM-based tools offer opportunities to automate routine cognitive and administrative
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tasks, potentially reallocating clinician time toward direct patient care and teaching [1]. 
At the same time, these tools introduce new medico-legal, privacy, and bias concerns 
that are incompletely addressed by existing regulatory frameworks. 

Community teaching hospitals occupy a unique position, functioning simultaneously 
as sites of care delivery and clinical education. They are well suited to serve as living lab-
oratories for pragmatic AI implementations while prioritizing patient safety and trainee 
education. This paper describes the experience of a large community hospital (North York 
General Hospital) affiliated with a university medical school (University of Toronto) that 
established an institutional AI working group and piloted AI scribes, LLM-generated 
discharge summaries, and an educational chatbot in clinical medicine for trainees. We sit-
uate these local initiatives within the emerging evidence base and medico-legal guidance 
and propose a set of pragmatic considerations for clinicians contemplating AI adoption 
in hospital settings. 

2 Institutional Context and Governance 

North York General Hospital (NYGH) is a 410-bed community teaching hospital affil-
iated with the University of Toronto. Individuals providing leadership in AI include an 
AI Research Chair, Vice President of Digital Health, and a Chief Medical Information 
Officer. In early 2024, with the widespread availability of LLM-based tools, the hos-
pital convened a multidisciplinary AI working group. This group developed strategic 
AI priorities and a governance pipeline for evaluating and approving new AI tools for 
physician use, with AI scribes identified as the first clinical use case. 

The governance process integrated clinical need, evidence review, privacy and secu-
rity assessments, and medico-legal analysis. Key questions include the intended pur-
pose of the AI (clinical vs. administrative), regulatory status (e.g., software as a medical 
device), anticipated impact on patient care, and potential harms from incorrect or biased 
outputs. By embedding these deliberations in a standing committee rather than ad hoc 
project teams, our institution sought to create a consistent approach to AI adoption that 
created shared responsibility across diverse projects. 

3 Medico-Legal and Privacy Considerations 

Canadian Medical Protective Association (CMPA) guidance emphasizes that, regard-
less of automation, physicians remain responsible for the content and quality of clinical 
documentation and for decisions informed by AI outputs [2]. This has direct implica-
tions for the deployment of AI scribes, which transform ambient audio into clinical 
notes that clinicians must review, edit, and sign. The medico-legal framework requires 
a clear patient consent process, acknowledgement that AI tools are assistive rather than 
autonomous, and ongoing monitoring for clinically significant inaccuracies or omissions 
by the end user. 

Privacy and data protection are central concerns, especially when tools rely on cloud-
based processing or external vendor infrastructure. Canadian hospitals must navigate 
provincial health information legislation such as the Personal Health Information Pro-
tection Act (PHIPA) for the province of Ontario and assess whether data processing
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can occur on Canadian servers with appropriate safeguards. Privacy impact assessments 
address whether patient data are used for model improvement, how long transcripts and 
notes are stored, who can access them, and when data can be deleted. 

4 AI Scribes in Hospital Practice 

AI scribes use ambient listening and LLM-based natural language processing to con-
vert clinician–patient interactions into draft clinical notes, which may be formatted as 
SOAP (Subjective-Objective-Assessment-Plan) notes, consultation notes, or progress 
notes. Early evaluations suggested that AI scribes could reduce documentation time 
and after-hours charting, improve perceived workflow efficiency, and modestly alleviate 
burnout. A recent systematic review of eight studies concluded that AI scribes improved 
documentation efficiency and quality, although productivity and accuracy gains were 
heterogeneous and dependent on local workflows and training [3]. 

At NYGH, AI scribes were piloted in history-intensive specialties such as geriatric 
medicine, psychiatry, and internal medicine, where encounters are typically longer and 
more conversational. A mixture of non-Electronic Medical Record (EMR) integrated 
and EMR integrated AI scribes were trialed. The clinical workflow involves obtaining 
informed consent, activating the scribe, explicitly verbalizing key examination findings 
and investigations, and editing the generated note. While many clinicians appreciated the 
reduction in cognitive load, some found it challenging to relinquish fine-grained control 
over narrative style, underscoring the importance of iterative configuration and training. 

5 LLM-Generated Discharge Summaries 

Discharge summary preparation remains a major pain point in internal and hospitalist 
medicine, consuming substantial clinician time on the day of discharge. LLMs can ingest 
longitudinal progress notes and structured data to generate draft discharge summaries that 
clinicians then edit, potentially shortening documentation time on the day of discharge. A 
recent study using real-world electronic medical record data found that LLM-generated 
discharge summaries achieved scores comparable to human-authored summaries on a 
validated scoring metric, suggesting feasibility for clinical support [1]. 

At NYGH, a proof-of-concept project explored using LLMs to generate preliminary 
discharge summaries based on inpatient notes, highlighting the ability of models to 
interpret unstructured text, decipher acronyms, and reconstruct the temporal course of 
an admission. Privacy constraints necessitated a secure server to host the LLM and secure 
data pipeline to send information to and from the EMR. Hallucinations and subtle factual 
errors remain important limitations; if clinicians must meticulously verify every element, 
the net efficiency gains may be attenuated. Currently a pilot trial is in progress after initial 
trials showed potential workload reduction of 50–60% on day of discharge. 

6 AI Chatbots for Medical Education 

LLM-based conversational agents offer novel opportunities for scalable, interactive med-
ical education. In geriatrics, chatbots can simulate patient encounters, provide imme-
diate feedback, and help trainees practice history-taking and clinical reasoning around



104 N. Haque et al.

complex syndromes such as falls, delirium, and polypharmacy. A growing body of 
work suggests that ChatGPT-like tools can supplement traditional curricula and support 
self-directed learning [4]. 

We developed a chatbot named Medbot to teach geriatric syndromes to residents 
using integrating scripted cases. In a pilot evaluation, 5 residents completed chatbot ses-
sions, and they rated their increase in interest in the subject material as 8.8/10. Engage-
ment level was rated as 9.2/10, satisfaction 8.6/10 and usefulness 8.8/10. These findings 
suggest that AI chatbots can assist human formative assessment in some domains. Feed-
back included learners wanting an audio component rather than using text chat. Learner 
performance was evaluated using a pre-determined rubric by the LLM and by two human 
physicians. AI-generated performance ratings showed 82.5% agreement with one human 
rater and 32.5% agreement with a second, while the two human raters agreed with each 
other 65% of the time. These findings suggest that AI can approximate human formative 
assessment in some domains, but variability highlights the need for careful rubric design, 
calibration, and ongoing human oversight. 

7 Discussion 

The experience described here underscores both the transformative potential and the 
nuanced risks of AI deployment in hospital-based care and education. AI scribes can 
meaningfully reduce documentation burden and improve note quality when integrated 
into thoughtfully redesigned workflows and coupled with specialty-specific prompting 
and training. LLM-generated discharge summaries offer an avenue to streamline a noto-
riously burdensome task, though privacy, hallucinations, and integration challenges must 
be addressed before routine clinical use. Educational chatbots can extend access to prac-
tice opportunities and feedback in geriatric medicine, potentially enriching curricula and 
supporting competency development. 

Across these use cases, several principles emerge. These are transferable across 
institutions. First, clinicians must remain actively engaged in oversight, recognizing 
that responsibility for documentation and decisions cannot be delegated to AI. Second, 
institutional governance structures that integrate clinical, technical, privacy, and legal 
expertise are essential to evaluate tools, negotiate vendor arrangements, and monitor 
ongoing performance. Third, frontline clinicians and patients should help shape the 
evolution of AI tools to ensure they actually achieve what they set out to do which is 
decrease caregiver burnout and improve patient care. 

This work has some limitations. Each pilot was conducted at a single institution with 
small samples and limited follow-up. Self-reported workload reduction estimates are 
subject to recall and social desirability bias and require objective time-tracking valida-
tion. Generalizability to other institutional contexts, patient populations, and electronic 
medical record environments remains to be established. 

8 Conclusion 

AI applications in hospital settings, including AI scribes, LLM-generated discharge sum-
maries, and educational chatbots, can reduce cognitive burden, enhance documentation, 
and enrich medical education when embedded within robust governance frameworks
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and coupled with vigilant clinician oversight. As health systems continue to adopt these 
tools, interdisciplinary collaboration among clinicians, educators, technologists, privacy 
experts and regulators will be critical to realizing benefits while mitigating medico-legal, 
privacy, and bias-related risks. We will also demonstrate the AI scribe, automated dis-
charge summary solution and educational AI chatbot at the conference. Future work will 
examine how small language models (SLMs) can be deployed alongside larger frontier 
models in hybrid architectures, leveraging the privacy and efficiency advantages of on-
premise SLMs while preserving the reasoning capabilities of larger models for complex 
tasks such as discharge summary synthesis. 
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Università degli Studi di Milano, Milan, Italy 
7 Laboratory of Biochemistry, University of Crete Medical School, Crete, Greece 

8 Department of Medical Biochemistry, Faculty of Pharmacy, University of Belgrade,
Belgrade, Serbia

9 Laboratory of Clinical Chemistry, University of Crete Medical School,
Crete, Greece

10 Department of Biomedical Sciences, Humanitas University, Pieve Emanuele
(Milan), Italy

Abstract. Acute coronary syndromes (ACS), including ST-elevation 
myocardial infarction (STEMI) and non-ST-elevation myocardial infarc-
tion (NSTEMI), remain leading causes of mortality worldwide. Despite 
advances in diagnosis and treatment, single-omics approaches have 
proven insufficient to capture the molecular complexity underlying ACS 
pathophysiology. Consequently, we adopted a multilayer network app-
roach to construct phenotype-specific networks for STEMI and NSTEMI, 
alongside a control multilayer network derived from patients with stable 
angina pectoris (SAP). The multilayer networks were constructed using 
data collected from 200 patients within the CardioSCOPE project, inte-
grating one metabolomics layer and one microRNA layer. Nodes rep-
resented molecular features, while edges were defined based on Pear-
son correlation coefficients. Network analyses included interlayer connec-
tion investigation, hub identification, and community detection, whose
results were used to select a compact panel of discriminative features
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that achieved a cross-validated AUC of 0.84 (95% CI: 0 .82–0.87) in a
three-class separability test.

Keywords: Multi-omics Integration · Network-based Biomarker 
Discovery · Precision Cardiology · Acute Coronary Syndromes · 
Integrative Network Biology

1 Introduction 

Cardiovascular diseases are the leading cause of mortality worldwide, accoun t-
ing for 31% of all deaths [7], with acute coronary syndromes (ACS), including 
ST-elevation (STEMI) and non-ST-elevation myocardial infarction (NSTEMI), 
among the most prevalent. Despite advances in interventional cardiology, 
patients still face high residual risk of major adverse cardiovascular events
(MACE), misdiagnosis remains common, and predicting ACS-to-MACE pro-
gression is challenging [6,8]. Single-omics approaches have proven insufficient to 
capture the underlying molecular complexity, highlighting the need for integra-
tive s trategies to improve disease characterization and patient risk stratification
[11]. Within the EU-funded CardioSCOPE project [2], this study investigates 
whether integrative, network-based multi-omics analysis can better characterize 
ACS subtypes. We analyzed a cohort of NSTEMI and STEMI patients alongside 
stable angina pectoris (SAP) controls, constructing multilayer networks to inte-
grate metabolomic and microRNA data, and applying graph-based data mining 
and artificial intelligence methods to identify disease-associated molecular mark-
ers and subnetworks. Results showed that phenotype-specific multilayer networks 
revealed distinct hub and communit y structures, and that a compact, network-
derived feature panel, headed by hsa-miR-208b-3p, achieved an AUC of 0.84
(95% CI: 0.82–0.87) in a three-class separability test, supporting the value of
integrative multi-omics analysis for ACS characterization.

2 Materials and Methods 

The data used in this study were generated within the CardioSCOPE project 
and include molecular information from blood samples collected on a cohort 
of 200 patients (61 STEMI, 39 NSTEMI, and 100 SAP) recruited in Belgrade, 
Serbia, and matc hed by age, sex, BMI, comorbidities, and dyslipidemia treat-
ment status to ensure comparability. Metabolomics profiles were obtained from
NMR spectra [4] generated by a Bruker Avance III 600 spectrometer, produc-
ing 62 metabolites including lipoproteins (VLDL, IDL, LDL, HDL fractions), 
glycoproteins, low-molecular-weight metabolites, amino acids and lipid indices.
Additionally, expression levels of 2,024 miRNAs were quantified by TAmiRNA
GmbH [3] with miRBase v22.1 annotation. These two molecular layers were used 
to construct multilay er networks stratified by patient diagnosis.

Preprocessing included redundancy filtering of metabolomics variables (e.g., 
retaining only the aggregate VLDL-P measure), exclusion of variables with
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> 30% missing values, and counts per million (CPM) normalization of miRNA 
raw counts, keeping only features with CPM > 1. Batch effects across recruit-
ment hospitals were corrected using ComBat, and remaining missing v alues were
median-imputed. A one-way ANOVA across diagnostic groups reduced the final
panels to 34 metabolites and 48 miRNAs.

Multilayer networks were constructed by dividing the dataset into a training 
set (70% of the data), while the remaining 30% were used as held-out set for 
validation. To ensure robustness, a bootstrap-based approach was applied over 
1,000 iterations, each sampling 70% of training patients to construct a bootstrap 
network. At each iteration, edges were defined by pairwise Pearson correlation 
coefficients, both intra- and inter-layer, computed for each diagnosis. Edges were
retained if they appeared in at least 70% of iterations and had FDR-corrected
p < 0.05, and were weighted by their mean correlation across those iterations.
The resulting networks for each phenotype are shown in Fig. 1. 

Fig. 1. Multilayer networks stratified by diagnosis. From left to right: SAP, NSTEMI, 
and STEMI. In each multilayer network, the upper layer represents the metabolomics 
network, while the lower represents the miRNA network. Nodes correspond to indi-
vidual molecular features, and edges represent Pearson correlation coefficients (FDR-
corrected, p  <  0.05) that were kept after bootstrap stabilization (≥ 70% stability across
1,000 iterations). The number of nodes and edges for each layer is reported under each
network.

Network analysis consisted of three main steps: interlayer connection investi-
gation, hub analysis, and community detection. Interlayer edges were examined 
for each phenotype by extracting the subset of nodes that are interconnected 
between metabolites and miRNAs, including the corresponding intra-layer edges. 
In the hub identification, t he top five hubs were extracted, ranking them within
each omics layer by their weighted degree. Lastly, community structure was
explored using the Leiden algorithm [9], with the resolution parameter selected 
independently per network to maximize the number of detected hubs (range: 
0.01–0.5 for metabolomics, 0.05–0.1 for miRNA). Each node was then classi-
fied according to its within-module z-score and participation coefficient [5]; only 
provincial and connector hubs were maintained for downstream analysis.
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3 Results and Discussion 

Inter-layer analysis revealed sparse but phenotype-specific cross-talk between 
the metabolomics and miRNA layers. SAP exhibited the most inter-layer con-
nections, with linoleic acid (LA) and free carnitine (FC) as key metabolite medi-
ators, linked to multiple miRNAs including hsa-miR-29c-3p, which alone was 
connected to four metabolites. In NSTEMI, in ter-layer connectivity was sparser
and centered on lactate. STEMI showed the fewest inter-layer edges, distributed
across distinct metabolite–miRNA pairs with no single dominant hub.

In the metabolomics layer, LDL-TG, LPC, and VLDL-C ranked among the 
top hubs across all phenotypes, consistent with their established role in cardio-
vascular disease, while miRNA hub composition was phenotype-dependent: SAP 
was characterized by hsa-miR-3065-3p and miR-30 family memb ers, whereas
both NSTEMI and STEMI were dominated by miR-378 family members, sug-
gesting a coordinating role specific to acute myocardial injury.

Community detection revealed distinct modular structures in the 
metabolomics layer: SAP organized into 4 communities with 7 provincial hubs 
and leucine as the sole connector hub, NSTEMI showed the most fragmented 
structure (12 communities) with all 9 hubs acting as connectors, and STEMI 
displayed the simplest organization (2 communities) with all hubs classified as 
provincial. In contrast, the miRNA layer exhibited a more homogeneous orga-
nization across phenotypes. SAP contained 3 connector and 8 provincial hubs,
while both NSTEMI and STEMI featured 2 connector hubs out of 12. Notably,
cardiac-enriched hsa-miR-208a-3p and hsa-miR-208b-3p served as connector
hubs in SAP, whereas hsa-miR-342-3p bridged communities in both NSTEMI
and STEMI.

Network features were selected combining top hubs, provincial and connector 
hubs, and interlayer nodes, leading to 14–16 miRNAs and 12–14 metabolites per 
phenotype, which were used to train a Random Forest classifier as a separability 
test, achieving a cross-validated AUC of 0.84 (95% CI: 0.82–0.87) and a test AUC 
of 0.84 (95% CI: 0.74–0.94). SHAP analysis c onfirmed hsa-miR-208b-3p as the
most consistently impactful feature across all classes, in line with its established
role as a biomarker of acute myocardial infarction, where its upregulation is asso-
ciated with increased risk of death or heart failure [1,10]. Among metabolites, 
Glutamine and saturated fatty acids emerged as the most consistently impactful
across phenotypes.

It should be noted that, as this pipeline is exploratory by design, network 
properties such as hub rank, participation coefficient, and z-score are cohort-level 
quantities; accordingly, the RF classifier should be interpreted as a test of class 
separability rather than an estimate of individual-level predictive performance. 
Moreover, Pearson correlation captures only linear associations; future work may 
explore nonlinear alternatives such as MIC. Additionally, correlation does not 
imply causality, and network topology should be interpreted accordingly. Finally,
the analysis relies on a single cohort; while bootstrap resampling partially miti-
gates this by estimating topological stability, independent validation on external
cohorts remains a priority for follow-up studies.
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Abstract. ICU patients generate complex, sparse, and irregularly sam-
pled multivariate time series that challenge standard clinical analysis. 
We propose an automated framework that maps ICU time series to 
standardized functional outcomes using the International Classification 
of Functioning, Disability and Health (ICF). Using a Transformer for 
Multivariate Irregular Time Series (T-MITS) architecture, the frame-
work predicts serum creatinine and glucose at 24 h post-admission and 
transforms these predictions into discrete ICF impairment levels across 
renal and metabolic domains. Evaluated on the MIMIC-IV database, this 
work demonstrates the feasibility of AI-assisted ICF profiling in criti-
cal care, bridging physiological prediction with standardized functional 
health representation. 

Keywords: ICF · Time Series · T-MITS · ICU 

1 Introduction 

The Intensive Care Unit (ICU) continuously generates high-frequency multivari-
ate time series (MITS) from laboratory measurements, vital signs, and bedside 
monitoring systems. Variable-level predictions alone do not provide a unified 
representation of the patient’s overall functional status, and methods transform-
ing physiological time series into clinically interpretable functional descriptions
remain needed. The International Classification of Functioning, Disability and
Health (ICF) offers such a framework, describing health in terms of body func-
tions and impairments [9], yet its adoption remains limited because ICF coding is 
manual, expertise-dependent, and retrospective—incompatible with fast-paced 
ICU environments. We propose an automated framework mapping ICU mul-
tivariate time series to ICF functional outcomes using T-MITS, evaluated on
creatinine and glucose using MIMIC-IV.
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2 Related Work 

Recent work has explored automating ICF classification from clinical text [1,13] 
and medical imaging [2], yet mapping ICU physiological time series to ICF rep-
resentations remains largely unexplored. Clinical ICU time series are irregularly 
sampled, asynchronously recorded, and highly sparse, violating assumptions of 
standard temporal models. Transformer-based approaches with learned tempo-
ral encodings have shown strong performance on such data [4,10,12], motivating 
our use of T-MITS [3]. 

3 Methods 

3.1 Data Set 

The experiments use MIMIC-IV [6], a large publicly available critical care 
dataset, with 39,885 ICU admissions. Individual models for glucose (test N = 
7,977) and creatinine (test N = 7,765) were trained on 80/20 patient splits.

3.2 Model 

We employ T-MITS [3], inspired by STRATS [11], which directly ingests clinical 
observations as (Time, Variable, Value) triplets, preserving temporal structure 
without imputation bias. Triplets are processed via self-attention and aggregated 
through attention-weighted pooling, then combined with static demographic fea-
tures (age, sex) to generate predictions at 24 h, mapped to d iscrete ICF cate-
gories. T-MITS was selected for its demonstrated superiority over GRU-D, TCN,
Latent-ODE, and classical ML baselines [3]. 

Table 1. ICF Qualifiers and Clinical Thresholds. Creatinine thresholds based on [5,7]. 

Variable Metric 

Creatinine KDIGO Criteria 
0 (No Impairment): < 1.35 mg/dL (Normal) 
1 (Mild Impairment): 1.35 ≤ x  <  2.68 mg/dL (Risk)
2 (Moderate Impairment): 2.68 ≤ x  <  4.16 mg/dL (Injury)
3 (Severe Impairment): ≥ 4.16 mg/dL (Fa ilure)

Glucose Glycemic Control Standards 
0 (No Impairment): 70 ≤ x ≤ 140 mg/dL (Normoglycemia)
1 (Dysfunction): < 70 mg/dL (Hypoglycemia) 
2 (Dysfunction): > 140 mg/dL (Hyperglycemia)
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3.3 Pre-processing 

ICU time series were represented as sparse (Time, Variable, Value) triplets [3], 
filtered for outliers, and Z-score normalized on the training set to prevent data 
leakage. Target variables were labeled using thresholds in Table 1. 

3.4 Experiments 

Task Definition: Models predict glucose and creatinine from the first 24 ICU 
hours, mapped to discrete ICF categories using clinical thresholds (Fig. 1), with 
the modular design supporting future multimodal extensions.

Fig. 1. Methodology 

Prediction Models: Two settings were evaluated per target: high-dimensional 
input using the full dataset (206 variables), and domain-specific input using 
curated subsets—25 metabolic variables for glucose and 29 renal variables for
creatinine.

Table 2. ICF classifiers for the study. 

Variable Related ICF classes 

Glucose B540: Metabolic functions 
B5400: Carbohydrate metabolic functions 
B555: Endocrine gland functions 
B5551: Pancreatic gland functions 

Creatinine B610: Urinary excretory functions 
B6100: Filtering functions of kidney 
B6101: Collecting functions of kidney 
B545: Water mineral and electrolyte balance
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Post-training Fusion: Best-performing models predict glucose and creatinine 
at 24 h, retained only for patients present in b oth tasks, mapped to ICF quali-
fiers (Table 1) and Body Function domains (Table 2), producing a unified report 
across metabolic (b540, b555) and renal (b610, b545) domains.

4 Results and Discussion 

Table 3 shows stable performance for both targets, with accuracies of 80–83%. 
Increasing input variables from 25–29 to 206 did not yield substantial improve-
ments, suggesting curated features capture the dominant predictive signal. Lower 
precision and recall reflect inheren t class imbalance, rare conditions such as
severe renal dysfunction or hypoglycemia are naturally underrepresented, rather
than methodological limitations.

Table 3. Model Results 

Variable Features Accuracy Precision Recall 

Creatinine 29 82.72 58.86 50.82 
206 82.69 62.25 53.60 

Glucose 25 79.60 75.50 53.00 
206 80.01 76.00 52.67 

Evaluated on 1,561 patients with concurrent measurements, Table 4 confirms 
the framework translates biomarker predictions into structured ICF profiles 
across renal and metabolic domains. Future work should address imbalance-
aware learning, baseline comparisons, and multi-institutional validation.

Table 4. Example of final output 

Stay ID Pred. Glucose Glucose ICFs Pred. Creatinine Creatinine ICFs 

54986 236.66 mg/dL b540.2, b5400.2b555.2, b5551.2 1.27 mg/dL b610.0, b6100.0b6101.0, b545.0 
38729 170.35 mg/dL b540.2, b5400.2 b555.2, b5551.2 1.39 mg/dL b610.1, b6100.1 b6101.1, b545.1 

5 Conclusion 

This work demonstrates the feasibility of automated ICF profiling from multi-
variate ICU time series using T-MITS, translating irregular physiological data 
into standardized functional health outcomes. The deterministic ICF mapping is
intentional—grounded in validated clinical thresholds [5,7]—providing a trans-
parent bridge between physiological prediction and functional classification. 
While ICF is most established in rehabilitation, early ICU profiling enables con-
tinuity of functional assessment through discharge and rehabilitation planning
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[8]. Future work will prioritize baseline comparisons, imbalance-aware learning,
and multi-institutional validation.
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Abstract. Accurate diagnosis and staging of esophageal diseases require inte-
grating endoscopic imaging with heterogeneous and often incomplete clinical 
information. We propose InstructFusionFormer, an instruction-conditioned mul-
timodal transformer that dynamically fuses endoscopic images and structured 
clinical variables via learnable instruction tokens. Modality dropout enhances 
robustness to missing clinical inputs. Evaluation on multi-institutional datasets 
shows strong performance (AUC 0.96, 95% CI: 0.94–0.98), outperforming uni-
modal and conventional multimodal baselines. The model remains effective with-
out clinical inputs and provides interpretable attention aligned with expert anno-
tations. These results indicate improved performance and robustness, although 
prospective validation is required. 

Keywords: InstructFusionFormer · Multimodal Learning · 
Instruction-Conditioned Fusion · Esophageal Disease Diagnosis · Vision 
Transformers · Medical AI 

1 Introduction 

Esophageal diseases require accurate diagnosis and staging using both endoscopic imag-
ing and clinical information [1]. However, most existing AI approaches rely on unimodal 
image analysis, limiting clinical context modeling [2]. Although multimodal learning has 
emerged as a promising solution [3], current methods often use static fusion strategies 
that fail to capture task-specific and dynamic cross-modal interactions. 

To address this, we propose InstructFusionFormer, an instruction-conditioned mul-
timodal transformer for dynamic, task-aware fusion of endoscopic and clinical data, 
enabling context-sensitive representations and achieving superior performance com-
pared to unimodal and conventional multimodal baselines. Our contributions include: 
(i) an instruction-conditioned fusion mechanism, (ii) a transformer-based architecture 
for joint diagnosis and staging, and (iii) empirical validation demonstrating improved 
performance and robustness.
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2 Materials and Methods 

2.1 Dataset 

We evaluate the proposed framework on paired endoscopic images and structured clinical 
variables for esophageal disease assessment. The primary task is seven-class lesion 
classification (NE, SC, OE, EV, ESE, EEC, AEC), with an auxiliary task distinguishing 
early versus advanced esophageal cancer. 

A total of 20,965 white-light gastroscopic images from 4,077 patients were ret-
rospectively collected at West China Hospital, with cancer diagnoses confirmed via 
histopathology. The clinical variables include demographic information (e.g., age, sex) 
and key clinical indicators (e.g., symptoms and comorbidities), which are encoded using a 
multilayer perceptron. Images were resized and normalized, and patient-level data split-
ting (70%/15%/15%) was applied to prevent data leakage. The study was conducted 
under institutional ethics approval with informed consent. 

2.2 Proposed Method 

As illustrated in Fig. 1, InstructFusionFormer consists of four stages: input repre-
sentation, modality-specific encoding, instruction-conditioned fusion, and task-specific 
prediction. Endoscopic images are partitioned into patches and encoded using a Vision 
Transformer (ViT) pre-trained on ImageNet and fine-tuned on the target dataset, while 
clinical variables are encoded via a multilayer perceptron. 

Fig. 1. Overall framework of InstructFusionFormer. 

The core component is an instruction-conditioned fusion module, where task-
specific instruction tokens guide cross-modal interaction through transformer-based 
cross-attention (Eq. (1)): 

Z = Softmax 
Q(I)K Ximg,Xclin 

T 

√
d 

V Ximg,Xclin (1)
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where Ximg and Xclin denotes image and clinical features, and represents Instruction 
Tokens. Instruction tokens are implemented as two learnable embeddings (N = 2, d = 
256) for diagnosis and staging, jointly optimized to capture task-specific modulation 
patterns via cross-attention, enabling differential weighting of multimodal features. The 
fused representation is obtained as (Eq. (2)): 

H = φ(Z + I) (2) 

The final representation is passed to task-specific heads for joint diagnosis and 
staging. A multi-task objective is used (Eq. (3)): 

L = λdLdiag + λsLstage (3) 

where each is optimized using cross-entropy loss. 

3 Results 

3.1 Overall Diagnostic Performance 

As presented in Table 1, InstructFusionFormer achieves the best performance, with 0.92 
accuracy, 0.91 macro-F1, and 0.96 AUC, outperforming CNN, transformer, and conven-
tional multimodal baselines by ~3% in accuracy. These gains indicate that instruction-
conditioned fusion enables more effective integration than static multimodal approaches, 
with only a modest increase in latency. 

Table 1. Comparison with state-of-the-art methods and computational complexity. 

Method Modality Multi-task Accuracy 
(%) 

AUC 
(%) 

Parameters 
(M) 

Latency 
(ms/img) 

ResNet50 Image ✗ 0.86 0.91 25 34 

EfficientNet-B7 Image ✗ 0.87 0.92 37 41 

ViT-B/16 Image ✗ 0.88 0.93 22 45 

Multimodal Fusion 
Transformer 

Image + 
Clinical 

✗ 0.89 0.94 28 50 

InstructFusionFormer 
(Ours) 

Image + 
Clinical 

✓ 0.92 0.96 26 52 

3.2 Ablation Study 

Ablation results confirm that removing instruction conditioning or clinical inputs results 
in comparable performance drops (AUC ↓ ~0.02), indicating that both contribute sig-
nificantly. The comparable performance drop observed when removing instruction con-
ditioning and clinical inputs suggests that instruction tokens may partially act as a proxy 
for clinical feature weighting, rather than providing independent reasoning capacity.
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3.3 Per-Class Diagnostic Performance 

Per-class results (Fig. 2) demonstrate consistent improvements across all lesion 
categories, indicating reduced class bias and effective multimodal learning. 

Fig. 2. Performance visualization of the proposed method (confusion matrix and ROC curves). 

3.4 Robustness and Generalizability 

Under missing clinical inputs (Table 2), performance degrades gradually but remains 
superior to unimodal baselines, demonstrating robustness to missing data. Cross-dataset 
evaluation (Table 3) shows stable performance across external datasets (AUC 0.91–0.93). 
However, due to differences in modality and label definitions across external datasets, 
these results should be interpreted as indicative robustness rather than strict task-level 
generalization. Future work will evaluate structured, clinically realistic missingness pat-
terns beyond random masking to reflect real-world conditions in EHRs. These results col-
lectively demonstrate that instruction-conditioned multimodal fusion provides consistent 
performance gains while maintaining robustness under realistic clinical constraints. 

Table 2. Performance under missing clinical data. 

Configuration Data availability Accuracy (%) AUC (95% CI) 

Image-only baseline Not used 0.86 0.87 (0.84–0.90) 

Partial Partially missing 0.90 0.93 (0.90–0.95) 

No clinical data Missing 0.88 0.91 (0.88–0.94) 

Multimodal input Available 0.92 0.95 (0.93–0.97) 

Table 3. Cross-Dataset Diagnostic Performance. 

External Test Dataset Accuracy (%) AUC (95% CI) Sensitivity (%) Specificity (%) 

HyperKvasir [4] 0.89 0.93 (0.90–0.95) 0.90 0.87 

GastroVision [5] 0.88 0.92 (0.89–0.94) 0.89 0.86 

TCGA-ESCA [6] 0.87 0.91 (0.88–0.93) 0.88 0.85
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4 Discussion and Conclusion 

We presented InstructFusionFormer, an instruction-conditioned multimodal framework 
for esophageal disease diagnosis and staging that enables dynamic integration of endo-
scopic images and clinical data. The model outperforms unimodal and conventional 
multimodal approaches, demonstrating improved learning and robustness. Ablation 
results indicate that instruction tokens act as task-guided modulators, suggesting a gating 
mechanism for multimodal interaction. 

The model remains robust to incomplete data via modality dropout and provides 
attention aligned with expert regions, with errors mainly in ambiguous cases. However, 
interpretability remains qualitative and requires quantitative validation (e.g., overlap-
based metrics or feature attribution). Prospective multi-center studies are needed, and 
future work will extend to unstructured, longitudinal data and broader applications. 
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Abstract. This work proposes a voice-based clinical decision support 
tool that detects a generalized behavioral health condition, defined 
by Major Depressive Disorder (MDD) and Generalized Anxiety Dis-
order (GAD), from spontaneous speech. We compare Random Forest, 
XGBoost, and fully connected deep neural network classifiers trained on 
high-dimensional voice representations, including X-vector, Wav2Vec2, 
TRILLsson, and HuBERT embeddings. Models are trained using val-
idated symptom instruments, including the PHQ-8 and GAD-7. To 
enhance clinical safety, we incorporate an ‘uncertain’ classification cat-
egory for low-confidence samples. Our model achieves a sensitivity of 
0.68 and specificity of 0.80, demonstrating that a consolidated vocal 
biomarker metric provides a scalable, non-invasive mechanism to identify 
health conditions in both in-clinic and remote settings. 

Keywords: vocal biomarkers · anxiety · depression · be havioral health

1 Introduction 

Mental health disorders impose a substantial global burden, with approximately 
332 million people affected by depression and 359 million by anxiety world-
wide according to the World Health Organization (WHO). Major depressive 
disorder (MDD) and generalized anxiety disorder (GAD) are among the most 
prevalent and co-occurring conditions, yet many cases remain undiagnosed and
untreated. Voice-based screening offers a scalable, non-invasive, and cost-effective
path toward early identification, motivating robust speech-based detection sys-
tems.

This study suggests a classification model using 60 s voice samples. This work 
differs from prior approaches in three key ways. First, we rely exclusively on 
acoustic speech features, deliberately excluding transcription or linguistic con-
tent, making our system applicable to any spoken material regardless of language 
or topic. Second, we propose a unified behavioral health model that consolidates
both conditions into a single assessment framework, reflecting that tool aims to
identify high-risk individuals and guide them toward clinical care, rather than
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provide a definitive diagnosis. Third, we introduce a confidence-based uncer-
tainty category to flag low-confidence p redictions, improving clinical safety and
real-world applicability.

2 Data  

The dataset consists of spontaneous speech responses to the open-ended prompt 
“How are you?”, paired with labels derived from the PHQ-8 [3,8]  and  GA  D-
7 [7] self-assessment questionnaires. Using free-form speech, rather than struc-
tured prompts such as read speech, supports broader real-world applicability. 
Participants were recruited to ensure demographic diversity across gender, age, 
race, and state of residence. The two label sets were highly correlated (Pearson
r = 0.79, p < 0.0001).

The primary dataset, collected remotely via smartphone, were partitioned 
into training, development, and test sets via stratified splitting to preserve label, 
age, and gender distributions, with no participant appearing in more than one 
split. The binary depression and anxiety labels were defined by PHQ-8 (0 ≤ y ≤ 
24)  and  GAD-7  (0 ≤ y ≤ 21) scores using a clinical cut-off score of 10. To reduce 
ambiguity near the decision boundary, training s amples with scores in the range
8 ≤ y ≤ 12 were excluded; all samples were retained in the development and test
sets to reflect real-world score distributions. An independent in-clinic dataset
collected using a tablet was held out as a second external test set (Test2).

Table 1. Experimental dataset size 

Label Train Dev Test1 Test2 
Negative Cnt/Positive Cnt (Positive Ratio) 

Depression 1177/548 (32%) 291/137 (32%) 266/133 (33%) 142/25 (15%) 
Anxiety 1300/506 (28%) 317/146 (32%) 292/142 (33%) 142/25 (15%) 

3 Model  

We generated audio embeddings from each recording u sing four pre-trained
models—X-vector [6], Wav2Vec2 [1], TRILLsson [5], and HuBERT [2]—trained 
on large, diverse corpora to produce robust, general-purpose representations. 
We trained three classifiers: Random Forest (RF), XGBoost (XGB), and a fully 
connected deep neural network (DNN) models. Both RF and XGB addressed 
class imbalance via undersampling with bagging. The DNN was trained with 
ReLU activations, sigmoid output, A dam optimizer, and early stopping over
100 epochs. Hyperparameters, including network depth, hidden layer width, and
dropout rate, were tuned using Hyperband [4] on the development set. Class 
imbalance for the DNN was addressed via SMOTE oversampling.
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Beyond individual models, we explored three integration strategies: early 
fusion (EF), concatenating feature vectors into a joint input; late fusion (LF), 
concatenating submodel output representations before the last network layer; 
and ensemble (ENS), combining independen t model predictions via majority
voting. These strategies aim to leverage complementary strengths across features
and architectures.

4 Results 

4.1 Depression and Anxiety Models 

We built separate classification models for depression and anxiety across all fea-
ture and architecture combinations described in Sect. 3, with results summarized 
in Table 2. For HuBERT, we report models using the 20th and 21st layer outputs, 
whic h consistently outperformed other layers.

XGBoost and DNN models with HuBERT features were the strongest indi-
vidual models, achieving a UAR of 0.69 for depression and 0.66 for anxiety. While 
early and late fusion did not improve over individual models, ensemble modeling 
via majority voting over the top three development-set performers yielded con-
sistent gains. The best depression model was an ensemble of three DNNs trained 
on TRILLsson, HuBERT layer 20, and HuBERT layer 21 (UAR 0.70); the best
anxiety model combined a DNN (HuBERT layer 21), XGBoost (HuBERT layer
20), and XGBoost (TRILLsson) (UAR 0.68).

4.2 Behavioral Health Assessment 

In many screening contexts, the goal is to identify individuals with any behavioral 
health condition, MDD or GAD, rather than distinguish between them. We
evaluated two approaches for joint assessment, summarized in Table 3.  In  Joint  
Training, we trained and compared models with a composite label defined as 
positive if either condition was present and negative only if both were absent. In 
Post-hoc Aggregation, the outputs of the best-performing independent models 
were combined using a logical OR. Joint Training did not improve over individual 
models, likely because the PHQ-8 and GAD-7 labels, while highly correlated (r =
0.79), capture largely overlapping symptoms. Post-hoc Aggregation achieved a
UAR of 0.69 with a higher sensitivity of 0.73, matching the average performance
of the standalone classifiers while better capturing at-risk individuals.

4.3 Confidence-Based Prediction 

Our models output prediction probabilities between 0 and 1, with predictions 
classified as positive when exceeding a threshold, set to 0.5 by default as in
Table 2. To improve clinical reliability, we introduce an ‘uncertain’ category for 
predictions near the decision boundary. Specifically, predictions above an upper 
threshold are classified as positive, those below an lower threshold as negative,
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Table 2. Model Performance. Sensitivity (true positive rate), Specificity (true nega-
tive rate), and their unweighted average (UAR) is reported. 

Model Feature Set Depression Anxiety 
UAR Sens Spec UAR Sens Spec 

RF X-vector 0.59 0.47 0.71 0.55 0.39 0.71 
Wav2Vec2 0.59 0.50 0.68 0.52 0.37 0.68 
TRILLsson 0.61 0.50 0.73 0.58 0.40 0.75 
HuBERT-last 0.60 0.48 0.72 0.58 0.41 0.76 
HuBERT-layer20 0.62 0.50 0.74 0.61 0.44 0.77 
HuBERT-layer21 0.63 0.49 0.77 0.58 0.40 0.76 

XGB X-vector 0.60 0.53 0.67 0.54 0.44 0.64 
Wav2Vec2 0.59 0.47 0.71 0.57 0.41 0.73 
TRILLsson 0.65 0.56 0.74 0.62 0.48 0.76 
HuBERT-last 0.66 0.53 0.78 0.63 0.51 0.74 
HuBERT-layer20 0.66 0.56 0.76 0.66 0.67 0.65 
HuBERT-layer21 0.66 0.53 0.78 0.64 0.67 0.61 

DNN X-vector 0.59 0.49 0.68 0.56 0.49 0.62 
Wav2Vec2 0.58 0.55 0.62 0.56 0.36 0.74 
TRILLsson 0.64 0.48 0.80 0.62 0.54 0.71 
HuBERT-last 0.64 0.56 0.71 0.61 0.51 0.71 
HuBERT-layer20 0.69 0.58 0.80 0.64 0.52 0.75 
HuBERT-layer21 0.67 0.78 0.55 0.65 0.73 0.57 

EF H20+H21 0.66 0.68 0.64 0.63 0.66 0.60 
H20+Trls 0.67 0.68 0.65 0.64 0.61 0.67 
H20+H21+Trls 0.67 0.70 0.65 0.64 0.70 0.59 

LF H20+H21+Trls 0.59 0.24 0.94 0.60 0.78 0.43 
ENS H20+H21+Trls 0.70 0.66 0.74 0.68 0.68 0.68 

and those between the thresholds as ‘uncertain’. For the best-performing ensem-
ble models, both thresholds were optimized on the development set to maximize 
separation between positiv e and negative predictions while minimizing uncertain
cases. Test-set results are reported in Table 4, with additional evaluation on the 
in-clinic dataset (Test2) described in Table 1. 

Clinically, we propose a two-step procedure for uncertain predictions. If the 
first voice sample yields an uncertain result, possibly due to transient factors 
such as background noise or vocal artifacts, the patient is asked to record a
second sample. If the second sample is also uncertain, the clinician should use
an alternative screening instrument, such as the PHQ-9 or GAD-7.
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Table 3. Behavioral health model performance – 233 negatives and 166 positives (42%) 

Task Model UAR Sens Spec 

Joint Training FCDNN-HuBERT 20th 0.67 0.68 0.66 
FCDNN-TRILLsson 0.58 0.51 0.65 
XGB-HuBERT 20th 0.65 0.65 0.66 
XGB-TRILLsson 0.66 0.66 0.70 

Post-hoc Aggregation MDD OR GAD 0.69 0.73 0.66 

Table 4. Best model performance with the ‘Uncertain’ class. 

Task Uncertain Rate UAR Sens Spec 

Depression 18% 0.71 0.72 0.70 
Anxiety 21% 0.68 0.64 0.71 
Behavioral 26% 0.70 0.76 0.65 
Behavioral (Test2) 22% 0.74 0.68 0.80 

5 Conclusions 

In this paper, we present a speech-based behavioral health assessment system 
for detecting MDD and GAD from spontaneous speech. Our results suggest that 
a unified voice-based model has potential as a scalable, non-invasive screening 
tool, either as an alternative or complement to self-report questionnaires. This 
approach may be particularly valuable in settings where active self-reporting 
is impractical, such as telehealth consultations or passive monitoring s cenarios
involving ambient microphones for elderly populations. Future work will explore
more sophisticated approaches for defining the ‘uncertain’ category through pre-
diction probability calibration and will focus on validating the model against
clinician diagnoses.
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Abstract. With rapidly growing medical data, some of the biomedical 
knowledge graphs are often incomplete and unreliable due to scattered 
evidence, which limits clinical discovery. We developed an explainable 
link prediction framework that combines diverse models such as Dist-
Mult (symmetric relations), ComplEx (asymmetric relations), and Sim-
plE (diverse head–tail interactions). To reduce the bias of individual 
model ranking, we aggregate model scores using an ensemble strategy 
and rank candidate links. We retrieve supporting graph paths and quan-
tify edge contributions using Shapley-based attribution, and validate 
predictions against biomedical literature using a domain-specific NLI 
model, which enables expert review. Moreover, experiments on 9,102 
test triples showed improved ranking performance, with correct links 
appearing higher and more frequently among top results (MRR 0.299 
vs. 0.269; Hits@10 0.484 vs. 0.443 for ComplEx). This provides a reliable 
and verifiable pipeline for biomedical knowledge graph completion. 

Keywords: Link prediction · Biomedical Knowledge Graph 
embedding · Explainability 

1 Introduction 

Biomedical knowledge graphs (KGs) model relationships among drugs and dis-
eases, but are often incomplete because evidence is distributed [2]. Besides, 
Knowledge graph embedding (KGE) models such as DistMult [13], Com-
plEx [11], and SimplE [8] rank candidate links but do not explain their pre-
diction reasons, limiting their reliability in healthcare applications [13]. Path-
based approaches improve interpretability by identifying connections between 
entities, but remain qualitative, lack quantified edge contributions, and do not 
verify with external links [5]. We developed a workflow that combines KGE 
models ranking, SHAP-based path attribution, and Natural Language Inference 
c The Author(s), under exclusive license to Springer Nature Switzerland AG 2027 
P. Andreev et al. (Eds.): AIME 2026, LNAI 16749, pp. 127–132, 2027. 
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(NLI)-based validation to enable traceable link prediction. We also introduce a 
human-in-the-loop mechanism to make sure that each prediction is supported by 
both explanation and evidence. This is important in AI-driven clinical decision 
support, where interpretability and evidence validation are essential for building 
trust. 

2 Related Work 

Knowledge graph embedding (KGE) models such as DistMult, ComplEx, and 
SimplE achieve strong link prediction performance but lack interpretability [13]. 
Path-based approaches improve transparency by identifying connections between 
entities, yet remain qualitative and do not quantify edge-level contributions [5]. 
SHAP provides theoretically grounded attribution, but its application to knowl-
edge graph path reasoning remains limited [9]. Additionally, NLI-based methods 
enable evidence validation, though they are typically not integrated with predic-
tion workflows [4]. Overall, existing approaches address prediction, explanation, 
or validation separately and are not connected. However, our work integrates 
KGE-based ranking, quantitative path-level attribution, and NLI-based valida-
tion into a single pipeline, enabling interpretable and evidence-supported link 
prediction. 

3 Methodology 

We propose an explainable workflow for KG completion that integrates predic-
tion, explanation, and validation. Given a query triple .(h, r, ?), the task is to 
rank candidate entities . t and provide both structural explanations and external 
evidence for the predicted link .(h, r, t). 

Data Construction. We construct a biomedical knowledge graph from the Dis-
eases Database [3], a cross-referenced medical dataset containing entities such as 
diseases, drugs, symptoms, and clinical findings. The resulting KG comprises 
9,401 entities and 91,014 triples across 24 relation types, stored in a Neo4j 
database. For model development, the dataset is divided into training (80%), 
validation (10%), and testing (10%) sets. 

Ensemble Prediction. The predictive component utilizes three KGE models, 
DistMult, ComplEx, and SimplE, to score candidate triples .(h, r, t). The selection 
of DistMult, ComplEx, and SimplE as the underlying KGE models is motivated 
by their diverse scoring functions and their status as established baselines in the 
studies. These models provide clear computations that allow us to separately 
evaluate the contributions of the explainability (SHAP) and validation (NLI) 
components. While advanced architectures such as TxGNN [6] or BioPathNet [5] 
perform link prediction, their inherent complexity and task-specific nature are 
not suitable for our objective. Furthermore, while individual models like Com-
plEx may excel in specific scenarios, with our ensemble approach we ensure
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more stable and consistent performance across diverse queries. To improve rank-
ing robustness, an ensemble score is computed by averaging the model outputs 
to rank candidate tails for a given query .(h, r). 

Explainable Attribution. Paths help explain predictions as they show how enti-
ties and relationships are connected step by step. For each predicted triple, we 
retrieve supporting paths from . h to . t via Breadth-First Search (BFS). Each 
edge within a path is scored using the pre-trained KGE models, with the overall 
path-support score defined as the mean of its individual edge scores. We then 
apply Shapley-based attribution to quantify each edge’s specific contribution 
to the path score, providing a mathematically computed explanation of each 
prediction. 

External Validation. To verify the biological plausibility of a predicted triple 
.(h, r, t), the relationship is converted into natural language and processed by a 
biomedical NLI model. This model evaluates the triple against evidence retrieved 
from PubMed, Europe PMC, and OpenAlex, returning a classification of AGREE, 
DISAGREE,  or  UNSURE .

Performance Evaluation. The framework is evaluated using standard ranking 
metrics, including Mean Reciprocal Rank (MRR) and Hits@. k. Additionally, 
qualitative case studies (Table 2) illustrate the interplay between SHAP attribu-
tion and NLI validation for the predicted triples. 

Interpretability and Validation. SHAP is chosen due to its model-agnostic design 
and ability to provide quantitative edge-level contributions [9]. On the other 
hand, attention-based methods may not provide faithful explanations [1,7], and 
LIME relies on local surrogate approximations rather than exact model con-
tributions [10], making them less suitable for our framework, which delivers 
precise edge-level interpretation. In this context, SHAP enables granular attri-
bution within KG paths by quantifying the contribution of individual edges. We 
integrated an NLI-based validation layer to this internal explanation to verify 
the biological plausibility of predicted triples .(h, r, t). We retrieve contextual 
evidence from PubMed, Europe PMC, and OpenAlex where entities . h and . t
co-occur. The NLI model then evaluates the semantic relationship between the 
predicted statement and the retrieved evidence, returning agreement, contradic-
tion, or uncertainty [4]. 

Data and Code Availability. The implementation and supplementary materials 
are available in the repository, with usage details in the README.md [12]. 

4 Results 

Quantitative Evaluation. Table 1 reports link prediction performance on a 
held-out test set of 9,102 triples. The Ensemble achieves the best results (MRR 
0.299, Hits@10 0.484).
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Table 1. Link prediction performance on the held-out test set (higher values indicate 
superior performance). 

Model Test Size MRR Hits@1 Hits@3 Hits@10 

DistMult 9102 0.255 0.172 0.279 0.424 
SimplE 9102 0.263 0.175 0.293 0.440 
ComplEx 9102 0.269 0.182 0.297 0.443 
Ensemble 9102 0.299 0.209 0.329 0.484 

Qualitative Analysis for Interpretability (Case Study Examples). To illustrate the 
explainability and validation components, we present five representative case 
studies for the relation .r = may cause (Table 2). While quantitative evalua-
tion is performed on the full dataset, these examples demonstrate how predic-
tions are supported by paths, SHAP attribution, and NLI validation. Additional 
explainability metrics and detailed calculations are available in our repository 
README.md file [12]. 

Table 2. Five case studies for relation . r = may cause

# Head .h Predicted Tail .t∗ Ensemble Model Path.f(P ) TopSHAP%.Δf% .Hnorm NLI 

1 Ethanol Hyperlipidaemia 3.183 ComplEx 2 3.930 56.49 6.49 0.99 U (0.91) 
2 Warfarin Hypertension, systemic 2.130 ComplEx 3 4.053 57.42 33.80 0.86 U (0.00) 
3 Methanol Hyperglycaemia 2.745 ComplEx 3 4.522 43.17 6.60 0.97 U (1.00) 
4 ABCD syndrome Nystagmus 2.274 ComplEx 3 3.298 42.16 5.90 0.97 U (0.00) 
5 AA amyloidosis Renal failure, chronic 1.596 ComplEx 3 3.338 83.19 37.30 0.49 U (0.00) 
Average across the 5 links 2.385 2.8 3.828 56.49 18.00 0.86 

Notes: Ensemble = Avg.score; Path = hops; .f(P ) = mean score; TopSHAP = dom-
inant edge; .Δf = score change; .Hnorm = entropy; NLI = A (Agree), U (Unsure), D 
(Disagree), with confidence. 

Insight: As demonstrated in Table 1,  the  Ensemble strategy yields the highest 
predictive accuracy, achieving an MRR of 0.299 and Hits@10 of 0.484. While 
ComplEx emerges as the most robust standalone model (MRR = 0.269, 
Hits@10 = 0.443), the score-level fusion significantly enhances overall ranking 
quality by aggregating diverse latent represen tations.

The qualitative metrics in Table 2 reveal that supporting paths are consis-
tently concise, ranging from 2  to  8  hops  (mean = 2.8). SHAP-based attribu-
tion identifies a single dominant edge in 83.19% of cases, while the remaining 
instances exhibit distributed contributions (average primary weight = 56.49%). 
This variance suggests that while some predictions rely on a singular critical 
relationship, others are supported by a broader network of evidence. Finally, 
the NLI validation layer frequently returns an UNSURE. This suggests that some 
predicted relationships may represent novel or underexplored associations not 
yet explicitly documented in biomedical literature.
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5 Discussion 

This work presents an explainable framework for biomedical knowledge graph 
completion that combines prediction, explanation, and validation. The Ensemble 
improves performance over individual KGE models (Table 1), providing more 
stable predictions across queries. Supporting paths are short (2–8 hops), which 
improves interpretability. SHAP attribution helps identify whether a prediction 
is driven by a single dominant relationship or multiple contributing factors. The 
NLI layer reveals that path-supported predictions may not have clear supporting 
evidence in current research. This highlights the need to complement model 
predictions with external validation. Despite this, manual verification shows that 
most predictions remain biologically plausible (4 out of 5 cases), indicating the 
practical usefulness of the framework. 

Limitations. Ranking metrics such as MRR, Hits@. k measure prediction per-
formance but do not capture clinical relevance. While evaluation is performed 
on the full dataset, case studies are used to illustrate interpretability. In addi-
tion, NLI results depend on the availability and quality of evidence, and may 
return UNSURE when supporting information is limited or ambiguous. This is 
particularly important in healthcare, where explainability and evidence-backed 
reasoning are essential for clinical adoption. 

6 Conclusion 

We propose an explainable and evidence-validated KGE framework for health-
care discovery. This system integrates a multi-model ensemble (DistMult, Com-
plEx, SimplE) for robust ranking, SHAP-based path attribution for quantitative 
transparency, and a biomedical NLI layer for literature-based corroboration. By 
unifying predictive ranking with structural and textual verification, our frame-
work transforms “black-box” completions into a traceable, auditable process that 
supports expert-led hypothesis generation. Future work will focus on improving 
evidence retrieval quality and enhancing validation robustness for more reliable 
healthcare applications. 

Acknowledgements. The work conducted in the study has been funded by NSERC 
(Natural Sciences and Engineering Research Council) Discovery Grant (RGPIN-2020-
05869). 
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Abstract. Assessing retrieval quality in Retrieval-Augmented Genera-
tion (RAG) pipelines is challenging due to ambiguity and information 
sparsity, and typically requires expert annotation, limiting scalability. 
We present an empirical evaluation of LLM-as-a-judge for document rel-
evance in an Italian medical RAG pipeline on pregnancy and maternity 
care. LLMs achieve moderate agreement with human annotators. Label 
distribution comparisons show deviations from human judgments, with 
LLAMA exhibiting the largest discrepancies (Cramér’s V up to 0.416), 
while Mistral and DeepSeek align more closely. All models display a 
bias toward intermediate relevance lab els, indicating reduced decisive-
ness. Nevertheless, LLM judgments remain consistent with cross-encoder
scores, with significant differences across relevance classes (p ≈ 0). These
findings support LLMs as scalable and interpretable proxies for retrieval
evaluation, while highlighting biases that must be addressed in produc-
tion settings.

Keywords: Retrieval-Augmented-Generation · Large Language 
Models · LLM-as-a-judge · Pregnancy · Evaluation

1 Introduction 

Retrieval-Augmented Generation (RAG) systems integrate information retrieval 
with Large Language Models (LLMs) to produce grounded, domain-aware 
responses. Evaluating these systems requires assessing both the relevance of 
retrieved documents and the extent to which generated outputs correctly lever-
age retrieved evidence. Previous studies have shown that traditional metrics 
such as retrieval a ccuracy and lexical similarity measures capture only limited
aspects of system performance, often overlooking pragmatic relevance, partial
informational support, and hallucination, particularly in high-stakes domains
like healthcare [1]. In contrast to earlier approaches that treat retrieval and gen-
eration as separable evaluation problems, recent work highlights the need for
c The Author(s), under exclusive license to Springer Nature Switzerland AG 2027 
P. Andreev et al. (Eds.): AIME 2026, LNAI 16749, pp. 133–138, 2027. 
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integrated evaluation frameworks that better reflect how retrieved evidence sup-
ports downstream generation. Recent research has explored the use of LLMs 
as automated ev aluators (LLM-as-a-judge) as a scalable alternative to human
annotation. A recent study [12] found that LLM-based evaluation can approx-
imate human judgments in generation tasks. However, the reliability of LLM-
based evaluation for retrieval-level assessment remains underexplored, and exist-
ing studies indicate that human supervision is still necessary to ensure robustness
[6]. Building on this line of research, this paper investigates whether LLM-as-
a-judge can reliably assess document relevance in a medical RAG pipeline for 
Italian maternity-care information. Specifically, we have two research questions 
(RQ). RQ1 : How closely do LLM relev ance judgments align with human anno-
tations? RQ2 : Do LLM relevance labels reflect underlying retrieval relevance
scores?

2 Methods 

Datasets. We use two complementary Italian datasets: one to construct the 
annotation gold standard and another to evaluate the domain knowledge of 
LLMs. The first dataset, ChatFAQ, serves as the Gold Standard. It is a pre-
validated medical document repository used in a prior implementation [5]. It con-
tains 1,512 expert-validated documents on maternity and newborn care, which 
were segmented into 43,390 text chunks. These chunks were then used to gener-
ate synthetic, context-grounded maternity-related questions using GPT-4o-mini, 
resulting in 216,950 question-passage pairs. To assess retrieval performance, a
random subset of 1,000 questions was evaluated by verifying whether the cor-
rect source document was retrieved [8]. From this sample we extract a subset 
of 200 queries for our Gold Standard; each query has six retrieved documents 
(1,200 instances), annotated by two independent annotators on a three-level 
relevance scale (0 - Not Relevant, 0.5 - Partially Relevant, 1 - Relevant), with
inter-annotator agreement of κ = 0.37 [3]. The second dataset, IMB [11], is used 
as an external benchmark for evaluating LLMs’ domain knowledge. It consists of 
IMB-MCQA, with 350 multiple-choice questions on obstetrics and gynecology, 
and IMB-QA, a c ollection of patient-doctor question-answer pairs, from which
we use 13,232 real-world pregnancy-related questions.

Pipeline and Models. We use IMB-QA as the question source and ChatFAQ 
as the document repository, updating the original ChatFAQ pipeline [5]  with  a  
state-of-the-art RAG setup combining dense embeddings and BM25 [9], merged 
via Reciprocal Rank Fusion (RRF) [4], and removing query augmentation to 
reduce variability.

LLMs were selected from the Italian leaderboard [7], restricted to top-20 
models in Word-In-Context and Entailment tasks1 . Further criteria were the 
open weights status and the number of parameters (max 70B). Six models were

1 Leaderboard was accessed in J anuary 2026.
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evaluated against the IMB-MCQA to assess their domain knowledge using accu-
racy and Plurality Proportion Agreement (PPA) [10], with all six scoring above 
the thresholds in both metrics (>0.60 for accuracy and >0.80 for PPA). Hence 
we ev aluate their capabilities as LLM-as-a-judge. Performance was measured
as proposed by [2], which introduces dedicated metrics for LLM-as-a-judge on 
the Gold Standard dataset. We therefore calculate the Advantage Probability 
(p), i.e., the probability that the LLM annotations are as good as or better 
than those of a randomly chosen human annotator, and Winning Rate (w), i.e., 
the p roportion of human annotators for whom the LLM achieves a statistically
significant advantage. Three models were selected as shown in Table 1: llama-3.3-
70B-instruct (henceforth LLAMA); mistral-small-24B-instruct-2501 (henceforth 
Mistral); deepseek-r1-distill-llama-70 (henceforth DeepSeek).

Table 1. Final summary of model performance. Advantage Probability p, and Winning 
Rate w demonstrate that LLAMA, DeepSeek, and Mistral are suitable to serv e as LLM-
as-a-judge. Agreement displays mean agreement with human annotators.

Model Agreement PPA p w 
llama-3.3-70B-instruct 0.618 0.790 0.844 1.0 
mistral-small-24B-instruct-2501 0.578 0.793 0.806 1.0 
deepseek-r1-distill-llama-70B 0.570 0.745 0.797 1.0 
qwen2.5-vl-32B-instruct 0.545 0.768 0.781 0.5 
gemma-3-12B-it 0.544 0.753 0.777 0.5 
gemma-3-27B-it 0.500 0.803 0.737 0.0 

3 Results 

To address RQ1, we compared label distributions between human annotators 
and LLMs and quantified their differences using pairwise χ2 tests with Cramér’s
V (Table 2). While human annotators showed moderate agreement (V = 0.25), 
all models exhibited deviations from human labeling patterns. In particular, 
LLAMA showed the largest divergence (up to V = 0.416), whereas Mistral and 
DeepSeek were consistently closer to human distributions (lowest V values down 
to 0.147). A strong bias toward label B emerged on all three models, especially 
with LLAMA (97.0%) and Mistral (90.0%), while DeepSeek chose this option 
in 73% of the cases. Nonetheless we observe closer alignment w ith human dis-
tributions for Mistral and DeepSeek indicating they may be more suitable for
tasks requiring consistency with human judgment. Notably, this contrasts with
the Gold Standard results, where LLAMA performed best, indicating that large-
scale distributional alignment cannot be inferred from smaller evaluations.

To address RQ2, we examined whether LLM-assigned labels reflect underly-
ing retrieval relevance by comparing them with cross-encoder scores using the
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Fig. 1. Cross-Encoder scores by LLM-assigned labels (A, B, C) for Mistral, LLAMA, 
and DeepSeek. Each panel corresponds to one model. The Kruskal-Wallis H statistics 
and p-value are reported above eac h boxplot, showing significant differences across label
categories for all models (p ≈ 0).

Kruskal-Wallis test. We use the cross-encoder model bge-reranker-v2-m3 2 ,  which  
jointly encodes the query and candidate documents to compute relevance scores.
As shown in Fig. 1, all models exhibit highly significant differences across label 
categories (p ≈ 0). The cross-encoder score distributions align with this pattern: 
documents labeled A (Not Relevant) have the lowest average scores, while those 
labeled C (Relevant) have the highest. Label B (Partially Relevant), although 
the most f requently assigned, consistently falls between A and C in terms of aver-
age score. This shows that LLM judgments remain systematically aligned with

Table 2. Pairwise χ2 tests comparing label distributions between annotators and 
LLMs. Cramér’s V quantifies the strength of association: lower values indicate more 
similar distributions. It s hould be noted that all chi-square values are statistically sig-
nificant with p ≈ 0.

Pair χ2 Cramér’s V 
Annotator 1 vs Annotator 2 25.28 0.251 
Annotator 1 vs Mistral 658.48 0.221 
Annotator 1 vs LLAMA 2323.39 0.416 
Annotator 1 vs DeepSeek 459.37 0.185 
Annotator 2 vs Mistral 388.52 0.170 
Annotator 2 vs LLAMA 1459.83 0.330 
Annotator 2 vs DeepSeek 289.71 0.147 
Mistral vs LLAMA 843.13 0.179 
Mistral vs DeepSeek 572.21 0.147 
LLAMA vs DeepSeek 2432.17 0.303

2 https://huggingface.co/BAAI/bge-reranker-v2-m3. 
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semantic relevance scores. The significance is also not affected when removing 
outliers using Inter-Quartile-Range (IQR). Compared to cross-encoder scores, 
which lack universal thresholds and rely on dataset-specific calibration, LLMs 
provide directly interpretable, context-sensitive labels. However, their strong bias 
toward B-label (i.e., partially relevant) judgments limits decisiveness in retrieval 
scenarios, reflecting both model uncertainty and the task’s intrinsic ambigu-
ity, as evidenced by notable disagreement among human annotators. Additional
limitations include dataset size imbalance, cost and latency differences across
models, and the use of single-label annotations, which may overlook graded or
aggregated relevance signals.

4 Conclusion 

Our study shows that LLM-as-a-judge show moderate but consistent alignment 
with human relevance judgments. Despite differences in label distributions, their 
evaluations remain strongly and systematically aligned with semantic relevance 
signals derived from cross-encoder scores. Several limitations should be noted. 
The dataset is relatively small and shows only moderate inter-annotator agree-
ment, reflecting the intrinsic ambiguity of graded relevance tasks. In addition, 
reliance on a single cross-encoder model may introduce bias in semantic com-
parisons, and single-label annotations may oversimplify complex relevance rela-
tionships. Nevertheless, these limitations do not materially affect the observed 
trends, which remain consistent across models and evaluation dimensions. 
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Abstract. The effectiveness of Digital Therapeutics (DTx) relies on 
understanding and shaping human behavior, yet development is hin-
dered by fragmented conversational scripts and repetitive chatbot imple-
mentation. Integrating advanced agentic components such as Large Lan-
guage Models (LLMs) and multi-agent systems further complicates clin-
ical safety, data provenance, and ethical risks. We present Flow Builder, 
a no-code platform within the MAESTRO (Multi-Agent Enhanced Sys-
tem for Therapy Routine Orchestration) framework, designed to stan-
dardize conversation design. Leveraging a modular block-based hierarchy
with over seventeen specialized processors, from text delivery to semantic
retrieval and multi-step LLM reasoning, Flow Builder enables clinicians
to focus on therapeutic logic while ensuring safe, consistent, and scalable
agentic execution.

Keywords: Conversational Agents · Digital Therapeutics · No-code 
Design Tool

1 Introduction 

Digital Therapeutics (DTx) rely on behavioral design principles [5] to drive user 
engagement and often include conversational solutions such as chatbots. How-
ever, designing such interventions frequently encounters bottlenecks between the 
professionals responsible for conversational design and the development teams.

To the best of our knowledge, there are currently no fully open-source, no-
code tools specifically tailored to design and deploy conversation-based solutions 
that enhance DTx platforms. More specifically, there is a need to have a t ool
that, in line with the state of the art, allows the creation of chatbots using
artificial intelligence (AI) [2], that, however, should comply with the require-
ments of psychological interventions that demand fine-grained con trol over the
conversational flow.

Current available tools include Rasa1 (open-source, low-code) or Botpress2 , 
which support hybrid rule-LLM flows but require co ding to build the graphs and
1 https://rasa.com/. 
2 https://botpress.com/. 
c The Author(s), under exclusive license to Springer Nature Switzerland AG 2027 
P. Andreev et al. (Eds.): AIME 2026, LNAI 16749, pp. 139–144, 2027. 
https://doi.org/10.1007/978-3-032-30813-9_26

http://crossmark.crossref.org/dialog/?doi=10.1007/978-3-032-30813-9_26&domain=pdf
https://rasa.com/
https://rasa.com/
https://rasa.com/
https://botpress.com/
https://botpress.com/
https://botpress.com/
https://doi.org/10.1007/978-3-032-30813-9_26
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lack psychological intervention constraints. Commercial tools (e.g., Dialogflow3 ) 
offer drag-and-drop interfaces but they are not open-source and cannot be cus-
tomized.

Existing literature includes platforms like Clinica [3], which provides auto-
mated pipelines for multimodal neuroimaging data processing and analysis, and
Graph2Bots [1], which extracts conversational flows from human-human con-
versations. Perhaps the closest example is Conversation Learner [4], a tool that 
uses dialogue flows to train dialogue manager systems. Nonetheless, these appli-
cations are neither focused on DTx nor do they provide reusable conversation
elements to facilitate rapid design of conversational flows.

In this paper, we propose the Flow Builder platform. The design was guided 
by the need to represent conversational systems using abstractions that are both 
expressive and structurally explicit. Rather than treating conversational behav-
ior as either a fixed sequence of states or an emergent property of generative 
models, our framework adopts a construction-oriented perspective: complex sys-
tems are assembled from simpler components, enabling users to define rule-based
conversation flows in which Large Language Models (LLMs) can serve both as
content generators and reasoning engines.

2 Framework 

The Flow Builder is a no-code platform for creating complex, rule-based conver-
sational workflows, particularly for clinical or research interventions. It provides 
a drag-and-drop interface that abstracts conversation logic while ensuring r obust
execution and data integrity through a structured backend and standardized val-
idation schemas.

At its core, Flow Builder integrates a FastAPI backend with a Mon-
goDB database. Each workflow designed in the visual interface is automati-
cally exported as a standardized .flow.json file, accompanied by an info.json 
metadata file that describes the intervent ion, its versioning, and other essential
parameters. This JSON-based representation ensures workflows can be easily
replicated, audited, and shared.

To guarantee correctness and consistency, Flow Builder employs Pydantic 
v2 to validate all block connections and configurations.

2.1 Conversation Structure 

Flow Builder employs 14 specialized block types to support diverse interaction 
requirements. Broadly they can be defined in backend blocks (blocks handling 
logic and transitions) and output blocks (blocks delivering content). Output 
blocks present information to users via the front end, supporting text, interactive
buttons, and multimedia elements such as images and video.

Currently the Flow Builder supports these functional blocks.

3 https://dialogflow.cloud.google.com/. 

https://dialogflow.cloud.google.com/
https://dialogflow.cloud.google.com/
https://dialogflow.cloud.google.com/
https://dialogflow.cloud.google.com/
https://dialogflow.cloud.google.com/
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Table 1. Summary of Flow Builder Blocks b y Functional Category

Category Block Type Function / Description 

Content 
Text Block Delivers multilingual textual content 
Questionnaire Block Integrates standardized assessments or exter-

nal forms directly into the flow. 

Agentic 

Augmented Block Generates messages using a LLM in a single-
turn interaction 

LLM Chain Block Executes sequences of chained LLM reasoning 
steps where outputs inform subsequent steps. 
The goal is to generate a message for a single-
turn interaction 

LLM Reasoning Block Produces structured outputs from LLMs, 
constrained to predefined formats in order to 
handle dynamic transitions in the flow. 

Retrieval Block Implements Retrieval-Augmented Genera-
tion, enabling retrieval from vector databases 
and providing additional pre-validated con-
text to generate LLM responses. 

Miniconv Block Supports short, controlled multi-turn micro-
conversations with a maximum number of 
turns and auto-supervision with guardrails. 

Logic 

Compute Block Performs temporal and computational opera-
tions, such as calculating future dates or ses-
sion times. 

Branch Block Enables non-linear flows by evaluating vari-
ables against conditions to provide personal-
ized paths. 

Schedule Block Schedules the activation of conversational 
flows according to user input 

Placeholder Block Acts as a synchronization or convergence 
point without functional execution. 

Memory 
Read Block Retrieves persistent data from the database 

(e.g., username or other conversation vari-
ables) 

Store Block Persists a conversational variable into the 
database 

Store History Block Persists a defined number of messages into the
database as a variable in order to provide con-
versational context to agentic blocks
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1. Content Blocks: namely blocks of predefined information delivering predefined 
messages or questionnaires

2. Agentic Blocks: namely blocks dedicated to LLM integration. They can be 
output blocks, thus used to generate messages (both single and multi-turn) 
or back end blocks for performing operations and reasoning s teps using LLM
agents

3. Logic Blocks: they are dedicated to expressing conversation logic, such as 
scheduling logic and branching between different paths in t he conversation

4. Memory Blocks: Blocks that performs operations on state variables (store a nd
read)

Details on blocks functions are listed in Table 1. 
By combining back-end and output blocks, the Flow Builder provides a flex-

ible yet structured approach to conversational design. Researchers and clinicians 
can visually construct multi-turn interactions, incorporate conditional logic, and 
leverage AI-driven content generation, all without writing any code. T his design 
ensures that conversational workflows are both expressive and reproducible, 
while main taining transparency and clinician oversight.

3 Designing the Intervention 

The Flow Builder enables users to create complex workflows without coding by 
arranging modular blocks visually on a canvas. Blocks can be dragged from the 
toolbox and connected to define the intervention’s flow. Each block is config-
ured through intuitive property panels, allowing the user t o assign variables, 
prompts, and conditional logic directly within the interface. This immediate 
feedback ensures that the structure and logic of the intervention are correct.
Figure 1 shows an example flow inside the Flo w Builder to ol.

3.1 Interacting with the Flow 

After designing the intervention, users can interact with it in real-time ( see
Fig. 2). The Flow Builder’s preview mode simulates the conversation, allowing the 
verification of decision paths and the expected behavior of the workflow. Users 
can interact with the designed workflow as end users. The outputs, which m ay 
include multimedia and interactive buttons, are rendered exactly as configured, 
enabling c omprehensive testing prior to deployment.

Finally, the flow can be exported in JSON format to ensure reproducibility.
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Fig. 1. Visual design of an intervention using the drag-and-drop canvas. Blocks are 
arranged to define conversational flow , conditional branching, and provide LLM con-
figurations including prompts.

Fig. 2. Real-time interaction with the designed intervention of a stress management 
intervention (Self-Help+).

4 Conclusion 

This use case demonstrates that the Flow Builder provides a seamless environ-
ment for designing, configuring, and testing interventions. Users can define inter-
ventions visually with minimal technical expertise, implement complex branch-
ing and AI-driven reasoning, and verify the interaction in real-time, ensuring 
reliability and clinician-in-the-loop oversight before deployment.
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Abstract. The integration of Large Language Models (LLMs) into con-
versational systems has greatly enhanced their expressive capabilities 
but also introduced challenges in structure, control, and reproducibil-
ity. Current design approaches often fall between rigid, rule-based sys-
tems that are predictable but limited in scalability, and fully LLM-
driven models that enable natural interaction but lack transparent logic. 
We present MAESTRO (Multi-Agent Enhanced System for Therapy 
Resources Orchestration), a framework for the trustworthy integration 
of LLMs in complex settings such as psychological digital interventions. 
Central to MAESTRO is a flow-based abstraction model that repre-
sents conversational logic as assemblies of modular, reusable blocks.
This approach allows designers to construct explicit interaction flows
in which LLMs can serve as bounded-reasoning components, preserving
predictability while enabling controlled flexibility.

Keywords: Multi-agent systems · Trustworthy AI · Large Language 
Models · Digital Therapeutics · Psychology

1 Introduction 

Conversational systems are increasingly deployed in complex domains such as 
decision support, coaching, and psychological interventions. Recent advances in 
Large Language Models (LLMs) have significantly enhanced their expressive 
capabilities, enabling flexible language generation and interpretation. However, 
these advances also amplify longstanding challenges related to structure, control, 
inspectability, and reproducibility. Existing approaches tend to polarize between 
rule-based systems, which provide explicit control but limited flexibility, and 
end-to-end LLM-driven systems, which enable natural interaction while obscur-
ing conversational logic and limiting reproducibility. In practice, designers must
balance structure and flexibility, a trade-off that remains poorly supported. In
our experience in designing digital interventions, we observed that conversational
systems repeatedly rely on recurring structural patterns such as sequencing,
conditional progression, and bounded reasoning that are rarely formalized and
c The Author(s), under exclusive license to Springer Nature Switzerland AG 2027 
P. Andreev et al. (Eds.): AIME 2026, LNAI 16749, pp. 145–150, 2027. 
https://doi.org/10.1007/978-3-032-30813-9_27
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instead reimplemented ad hoc, reducing transparency and increasing develop-
ment effort. In response, this paper introduces MAESTRO, a flow-based abstrac-
tion framework that models conversational logic as c omposable and inspectable
interaction flows, integrating LLMs as bounded reasoning components.

Recent studies have begun exploring the trustworthy integration of LLMs into 
psychological interventions [6], although clinical effects remain understudied and 
have not yet been shown to be superior to rule-based systems [2]. In this work, 
we argue that this lack of clinical studies is caused mainly by the absence of a 
common tech stack that can allow researchers in the field to exp eriment with
different interventions and reproduce the same dialogue structures in different
clinical and cultural settings.

Existing literature on psychological interventions using chatbots [1,4,5,7] 
shows that three main types of systems are employed: rule-based chatbots, hybrid 
chatbots that integrate NLP techniques, and generative AI-powered chatbots. 
These conversational systems are used in diverse contexts, including delivering 
cognitive-behavioral therapy, providing psychoeducation, screening for symp-
toms, supporting self-management of chronic conditions, and offering social or
emotional support. They target various populations, from adolescents to older
adults, and are deployed through mobile applications, web platforms, or mes-
saging services.

Despite this diversity, a key limitation remains the absence of a shared 
abstraction layer that enables reproducible conversational structures and sys-
tematic experimentation across contexts. Building on these gaps, MAESTRO 
provides a compositional framework that unifies structure and flexibility, sup-
porting reusable and reproducible conversational design.

2 System 

As anticipated in Sect. 1, the design of MAESTRO was guided by the need 
to represent conversational systems using abstractions that are both expressive 
and structurally explicit. Rather than treating conversational behavior as either a 
fixed sequence of states or an emergent property of generative models, the frame-
work adopts a construction-oriented perspective in which complex systems are 
assembled from simpler components. This perspective is captured by the LEGO 
metaphor. Each conversational abstraction is treated as a LEGO block: a self-
contained, well-defined unit that exposes clear connection points but does not
encode assumptions about the overall system in which it will be used. Individual
blocks are intentionally simple, and expressiveness arises through composition
rather than through the complexity of any single component.

Importantly, the metaphor emphasizes assembly over automation. Just as 
physical bricks do not prescribe the structure of the final object, MAESTRO 
does not impose predefined conversational trajectories or semantic interpreta-
tions. Instead, designers construct conversational systems by explicitly assem-
bling blocks into flows, making structural decisions visible and inspectable. This
approach supports reuse, iterative refinement, and shared understanding among
collaborators, while avoiding hidden control logic or implicit behavior.
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This modular separation enables deployment across multiple front ends and 
the concurrent orchestration of external services required for code execution, as
shown in Fig. 1. This is a key advantage, as existing dialogue managers couple 
conv ersational logic with front-end–specific implementations.

Fig. 1. Visualization of the MAESTRO system components. The flow abstracts a con-
versation as an executable graph, where block configurations and r untime variables
orchestrate the interaction with external components.

3 Components 

3.1 Flow Engine 

At the core of MAESTRO is a flow-based abstraction model that represents 
a conversational system as a directed graph of executable components. A flow 
defines the control structure of a conversation by specifying how individual con-
versational blocks are connected and executed over time. Each block in a flow 
is the node of an executable graph while edges define the possible transitions 
between the blocks. Transitions may b e unconditional or depend on explicit con-
ditions evaluated at runtime. This representation makes conversational structure
explicit and inspectable, enabling designers to reason about sequencing, branch-
ing, and termination without relying on implicit control logic.

The system is composed by two main nodes. Flow Engine (Executor Node) 
executes the conversational routines expressed in the flows, and the execution is 
sequential. Flow can be main flow, i.e., the list of conversation blocks that com-
pose the main conversation, and secondary flows, namely parallel conversational 
flows that might be triggered during the execution of the conversation. Conver-
sational patterns are defined using JSON-based flow files, enabling reproducible,
standardized representations of therapeutic interventions.
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Fig. 2. Schema of the conversation manager of MAESTRO, composed by a Supervisor 
node and an Executor Node (Flow Engine).

3.2 Supervisor Node 

To ensure trustworthy and flexible model integration, MAESTRO introduces an 
abstraction layer that oversees conversational workflows and enables dynamic
flow orchestration, as illustrated in Fig. 2. This node determines flow transitions 
between main and secondary flows. These transitions can be triggered by het-
erogeneous conditions evaluated through rule-based algorithms, deep learning
models, or LLMs.

– Rule-Based Flow Selection: In rule-based flow selection, the Supervisor 
evaluates a configurable set of rules to determine whether to transition the 
current session to an alternative conversational flow. These decisions rely on
session-level attributes, tracked user variables, and real-time user input.

– Dynamic Flow Selection: Dynamic flow selection is based on LLMs’ 
semantic interpretation of user input. The Supervisor has access to a rule
defined by a prompt and to a structured output schema containing:
. A  boolean  match flag indicating whether the rule condition is satisfied.
. A textual reason field providing a concise e xplanation supporting the

decision outcome.

4 Evaluation Plan: Re-Engineering Self-Help+ 

To evaluate MAESTRO, we are re-engineering Self-Help+ (SH+), a stress-
management and behavior change intervention p reviously implemented as a rule-
based chatbot [3] and later extended with LLM capabilities [8]. Prior versions 
tightly coupled conversational logic with frontend implementations, limiting flex-
ibilit y for iteration by intervention designers.

The target users of this system are primarily psychologists and researchers 
designing digital behavior change interventions, who need to author, inspect,
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and iteratively refine structured therapeutic conversations without requiring full-
stack engineering support. The target use cases include deployment of evidence-
based behavior change interventions (e.g., stress management and psychoeduca-
tion programs) delivered through conversational agents in real-world or experi-
mental settings.

Using MAESTRO, SH+ units are being migrated into modular conversa-
tional flows. The evaluation focuses on two technical dimensions. First, reduction 
of boilerplate code: MAESTRO introduces reusable backend components and 
externalized prompt management, reducing redundant implementation effort 
and enabling rapid iteration of intervention content. Second, structural trans-
parency: representing SH+ a s a graph of executable components makes interven-
tion logic explicit and inspectable, enabling non-engineer stakeholders to under-
stand and refine conversational and therapeutic structure.

The re-engineered system will undergo a pilot study assessing usability for 
intervention designers and fidelity to the original therapeutic protocol. Evalua-
tion metrics will include usability scores (e.g., SUS), implementation effort (e.g., 
code reuse and reduction of duplicated logic), and fidelity indicators (e.g., adher-
ence to prescribed intervention steps and consistency of delivered content). Pre-
liminary expert review with domain specialists suggests feasibility and improved 
clarity of intervention structure, supporting further empirical validation in real-
istic deployment scenarios. 
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Abstract. Longitudinal electronic health record (EHR) data are often 
left-censored, making diagnosis records unreliable for determining dis-
ease onset. In contrast, outpatient prescriptions form renewal-based tra-
jectories that provide a continuous signal of disease management. We 
propose a probabilistic framework that models prescription dynamics 
as a renewal process and detects transitions from sporadic to sustained 
therapy via change-point detection between a Poisson (sporadic) and 
a regime-specific W eibull (sustained) renewal model. Using a Slovenian
nationwide ePrescription dataset of 2.4 million individuals, we show the
approach yields more temporally plausible onset estimates than naive
rule-based triggering, reducing implausible early detections under strong
left censoring.

Keywords: Renewal processes · Change-point detection · Temporal 
point p rocesses · EHR phenotyping

1 Introduction 

Longitudinal electronic health record (EHR) data are frequently left-censored 
due to the gradual intro duction of digital healthcare systems and incomplete
migration of historical records [1,4]. In Slovenia, national e-prescribing achieved 
near-complete coverage after its introduction in 2016, whereas diagnosis record-
ing was adopted more gradually, increasing from 350,000 entries in 2016 to over 
10 million by 2020. These low early counts primarily reflect incomplete sys-
tem adoption rather than true disease incidence. Because diagnoses are often 
recorded only once and not systematically updated, historical disease onset is
frequently missing or unreliable, and diagnosis data may contain inconsistencies
and coding errors with reported misclassification rates up to 20% [3]. In con-
trast, prescription data are renewal-based and must be periodically re-issued, 
providing a continuous and more reliable signal of ongoing disease management.

Treatment patterns therefore provide a complementary signal for inferring 
disease onset, yet many phenot yping approaches rely on simple heuristics that
c The Author(s), under exclusive license to Springer Nature Switzerland AG 2027 
P. Andreev et al. (Eds.): AIME 2026, LNAI 16749, pp. 151–155, 2027. 
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ignore prescribing dynamics. This can affect cohort construction and intro-
duce data leakage, for example when treatment signals precede recorded diag-
noses [2,5]. Modeling prescription events as stochastic temporal processes allows 
detection of chronic treatment onset as a shift in prescribing dynamics. Chronic 
noncommunicable diseases are particularly suitable for this approac h, as they
are characterized by sustained, structured prescribing patterns, whereas acute
conditions typically generate sparse or short-lived treatment signals.

We infer treated-phenotype onset by modeling longitudinal prescription tra-
jectories as a renewal process. We apply change-point detection to identify tran-
sitions from sporadic to sustained therapy, formulated as a transition from a 
Poisson (sporadic) regime to a Weibull renewal (sustained therapy) regime. We
evaluate this approach against rule-based triggering and show that renewal-based
modeling yields more temporally plausible onset estimates under strong left cen-
soring.

2 Data  

We analyzed 2.4 million patients with 101 million outpatient prescriptions and 58 
million diagnoses collected in Slovenia between 2016 and 2022. Women represent 
60% of the population, the median patient age is 47, and patients have a median 
of 21 prescriptions and 16 diagnoses. Nearly all patients received at least one pre-
scription, and all patients have at least one recorded diagnosis. Each prescription 
includes an acute/chronic label and a renewability flag indicating intended treat-
ment duration and dispensing policy. Standard prescriptions cover about three
months, while renewable prescriptions allow repeated dispensing within one year
for stable long-term therapy.

Across the dataset, approximately 43 million prescriptions are labeled chronic 
and 58 million acute, including 11 million chronic-renewable, 32 million chronic 
non-renewable, 2 million acute-renewable, and 55 million acute non-renewable. 
Neither administrative field is treated as ground-truth evidence of disease state: 
acute/chronic labels and renewability reflect prescribing intent and local prac-
tice rather than stable clinical phenotypes and should therefore b e interpreted as
noisy administrative annotations. All prescriptions are mapped to active ingre-
dient level-5 ATC codes to reduce variability due to brand-specific prescribing
and ensure consistent aggregation across equivalent formulations.

3 Methods 

We infer treated-phenotype onset from longitudinal outpatient prescription data 
by detecting transitions from sporadic to sustained prescribing a nd aggregating
drug-level signals into disease-level phenotypes.

For each patient–drug pair, we observe prescription times t1 <  t2 < 
· · ·  <  tn+1 and represent them through inter-arrival times τi = ti+1 − ti. We
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model sporadic prescribing using a homogeneous Poisson process with expo-
nentially distributed inter-arrival times, p(τ | λ)  =  λe−λτ , capturing irreg-
ular events such as acute treatments or administrative noise. In contrast, 
sustained therapy is characterized by repeated refills at approximately reg-
ular intervals. To capture this regularity, we use a Weibull renewal process, 
p(τ)  =  k 

λ (τ  /λ)k−1 e−(τ  /λ)k 

, which generalizes the exponential distribution: k ≈ 1 
corresponds to Poisson-like behavior, while k  >  1 models increasingly regu-
lar spacing between events. The scale parameter λ determines the characteristic 
refill interval. To account for dispensing policy, we estimate separate population-
level Weibull parameters (kd,r, λd,r) for each drug d and prescribing regime
r ∈ {renewable,non-renewable}. Parameters are estimated by maximum like-
lihood from positive training-cohort inter-arrival times within each drug–regime
group and are then kept fixed during patient-level change-point inference.

We infer onset of sustained therapy by modeling each prescription trajectory 
as a two-regime process with a single change-point. Given inter-arrival times 
τ1,  .  .  .  ,  τn with associated regimes ri, the log-likelihood of a c andidate change-
point c is

(c) =
i<c

log pnull(τi) +
c≤i

log pchr(τi | ri), (1) 

where pnull is the Poisson model and pchr is the regime-specific Weibull model. 
The estimated change-point is ĉ = arg maxc (c) and is accepted only if it 
improves the null model likelihood by a threshold . The corresponding cal-
endar time is interpreted as treated-phenotype onset, capturing the transition
into sustained therapy while avoiding spurious early detections driven by isolated
prescriptions.

To construct disease-level treated phenotypes, we link drugs to diagnoses 
using temporal co-occurrence. For each inferred drug-level onset, we collect 
diagnoses within a window of three months before and 12 months after onset 
and aggregate these associations across patients. Drug–ICD pairs with sufficient 
support (> 25 events) are retained, and for each drug we compute an alignment 
rate defined as the fraction of its onsets associated with a given diagnosis. For
each ICD-10 code, we retain drugs with alignment rate > 0.05 (up to 30 per
code) and consider only codes with at least 10 associated drugs.

Disease-level onset for a patient is then defined as the earliest onset among all 
drugs associated with that ICD code. As a baseline, we define onset as the first 
prescription of any associated drug labeled as chronic. All p arameters and drug–
disease associations are estimated on a training cohort and applied unchanged
to a held-out test set to prevent data leakage.

4 Results 

We evaluate treated-phenotype onset inference on a held-out test cohort obtained 
via random split from the full dataset, comprising 1.4 million patients with 
58 million prescriptions and 34 million diagnoses, using diagnosis records as a
temporal reference. For each inferred onset, we compute the difference between
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the onset date and the recorded diagnosis date for the corresponding ICD code. 
Negative differences indicate inferred onset preceding diagnosis, expected under 
left-censoring, while large negative values indicate implausibly early detections. 
We compare the proposed change-point method to a naive baseline that triggers
onset at the first prescription labeled as chronic, using identical drug–disease
associations and patient cohorts.
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Fig. 1. Distribution of differences between recorded diagnosis date and inferred treated-
phenotype onset date for the naive and change-point methods. (a) Violin plots are 
ordered from left to right by decreasing mean difference. Negative values indicate 
inferred onset preceding the recorded diagnosis date. (b–d) Example disease-level scat-
ter plots comparing inferred onset time against recorded diagnosis time for COVID-19,
hypertension, and chronic kidney disease.

Figure 1 shows the distribution of differences between inferred onset and 
recorded diagnosis dates across diseases. Both methods frequently infer onset 
prior to diagnosis, consistent with incomplete historical records; however, exces-
sively early detections suggest over-triggering. Compared to the naive baseline, 
the change-point method yields tighter distributions centered closer to zero, 
indicating improved temporal alignment. A diagonal band of agreement is visi-
ble across diseases, while early-onset bands near the start of data collection are
reduced under the change-point model.
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This behavior is further illustrated in Fig. 1 b for ICD code U07 (COVID-
19), which provides a temporal sanity check, as the disease did not exist prior 
to 2019. The naive method produces a substantial number of implausible early 
detections, including onsets predicted a t the beginning of the observation period,
whereas the change-point method largely avoids such artifacts.

The change-point method is more conservative than the naive baseline 
because it requires sustained evidence rather than a single prescription. This 
design reduces implausibly early detections but may miss treatment patterns 
that do not produce enough repeated prescribing events. Consequently, detec-
tions relative to recorded diagnoses should be interpreted cautiously, given
incomplete and non-random diagnosis recording.

5 Conclusion 

We show that longitudinal prescribing data contain recoverable signal about 
treated-phenotype onset and that renewal-based change-point detection yields 
temporally plausible estimates under strong left censoring. By requiring sus-
tained treatment evidence, the method reduces implausible early detections 
compared to naive rule-based triggering, improving cohort construction despite 
incomplete diagnosis coding. The approach is best suited to treatment patterns 
with sustained repeated prescribing, while weaker or more episodic treatment 
signals remain challenging. These findings highlight the importance of modeling 
treatment dynamics in EHR phenotyping and motivate extensions incorp orating
treatment switching and external knowledge.
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Abstract. Recent advances in Large Language Models (LLMs) offer transfor-
mative potential for chronic disease management. However, LLMs may exhibit 
“pseudo-empathy”, which can undermine patient trust and safety. This study inves-
tigates how patients define and perceive “meaningful empathy” when interacting 
with LLMs. This study uses University Health Network’s (UHN) Medly Chat, 
an LLM-powered chatbot for heart failure (HF) patients, as a use case to investi-
gate patient expectations of LLM-generated empathy. We conducted a co-design 
session with 5 participants with lived experience of HF and informal caregivers. 
Participants scored the level of empathy on a 1–3 Likert scale across three clinical 
scenarios and shared rationales for their ratings. Quantitatively, most responses 
were rated as somewhat empathetic (67%), with fewer rated as empathetic (20%) 
or not empathetic (13%). Qualitative findings indicate that overly human-like 
expressions (e.g., “I hear you”) were frequently perceived as condescending and 
associated with lower empathy scores. Participants preferred LLMs to display 
empathy by acknowledging concerns and providing actionable guidance in a neu-
tral, information-focused tone. These findings suggest that, while the LLM main-
tains a baseline level of perceived empathy, mimicking human empathy is not nec-
essarily the gold standard in LLM-supported clinical interactions. Developers of 
LLM-powered patient-facing chatbots should consider prioritizing acknowledg-
ment and actionable guidance and evaluate LLM performance accordingly. Future 
work involves refining the Medly Chat prototype to reflect patient expectations 
and priorities.
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1 Introduction 

Heart failure (HF) is among Canada’s most complex and costly chronic conditions [1]. 
Recent advances in Large Language Models (LLMs) may help provide continuous, real-
time support for chronic disease management. Nevertheless, LLMs introduce risks that 
impede their adoption in clinical settings. Notably, the ability to convey empathy remains 
a persistent challenge. Current evaluation approaches predominantly treat human empa-
thy as the “gold standard” [2]. However, equating LLM-generated empathy with human 
empathy may be inappropriate. Overly human-like expressions have been criticized for 
fostering an illusion of connection, which may increase patients’ dependence on LLM 
systems and risk compromising patient safety and autonomy for decision-making [2, 3]. 
These concerns underscore the need to incorporate patient perspectives to ensure LLM 
empathetic behaviours are clinically safe and aligned with patient expectations. 

This work investigates how patients define and perceive “meaningful empathy” when 
interacting with LLMs for heart failure management support. The findings aim to inform 
patient-centered design and evaluation for LLM-powered digital health interventions. 
To achieve our objectives, we selected the Medly digital therapeutic as the context for 
this study. Medly is a platform developed within the University Health Network (UHN) 
and used by over 2,500 heart failure (HF) patients for real-time remote monitoring and 
asynchronous communication with their care team [4]. However, support outside clinical 
hours remains limited. To address this gap, Medly Chat, an LLM-based patient-facing 
chatbot, is being developed and serves as the use case for this study. This study is part 
of a broader research project evaluating multiple chatbot attributes, including accuracy, 
safety, and empathy; the present paper focuses specifically on empathy-related findings. 

2 Methods 

We conducted a co-design session with participants (n = 5), including HF patients and 
caregivers recruited via a monthly HF clinic newsletter. This work was approved under 
the UHN Quality Improvement application (QIRC ID# 24–0850). During the session, 
participants first reacted to the research team’s definition of LLM-generated empathy 
(i.e., “Does the answer feel caring and emotionally supportive?”). They then evaluated 
the empathy level of Medly Chat responses across three synthetic clinical scenarios, 
derived from historic patient–care team interactions (See Fig. 1).1 Medly Chat responses 
were generated using a GPT-4o–based prototype with a retrieval-augmented generation 
(RAG) architecture. It retrieves credible information from Our Heart Hub, a HF edu-
cational website used by UHN, to enhance clinical accuracy [5, 6]. Participants were 
informed that an LLM produced these responses. A mixed-methods design integrated 
quantitative empathy ratings with qualitative insights. Participants rated empathy using a

1 Due to space limitations, the full-text scenarios and LLM responses are omitted. See Scenario 
and LLM Response File. 

https://github.com/liuxiny9/RAG-LLM-Chatbot-for-Chronic-Disease-Management/blob/main/Scenario%20and%20LLM%20Response.txt
https://github.com/liuxiny9/RAG-LLM-Chatbot-for-Chronic-Disease-Management/blob/main/Scenario%20and%20LLM%20Response.txt
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3-point Likert scale (1 = not empathetic; 2= somewhat empathetic; 3= empathetic). The 
quantitative assessment establishes a baseline of patient sentiment. A thematic analysis 
was performed on participants’ qualitative responses using an inductive coding approach. 
Two coders conducted iterative coding and theme development. 

Fig. 1. Three Clinical Scenarios and Sample Medly Chat responses 

3 Results 

3.1 Participant Demographic Information 

Five individuals (four women, one man) participated in the co-design workshop, includ-
ing people with lived experience of heart failure and informal caregivers. All participants 
were fluent in English and resided in Canada, identifying with a range of White European 
ancestries. The group represented diverse socioeconomic backgrounds, with household 
incomes ranging from $20,000 to over $150,000 and educational levels spanning college 
certificates to postgraduate degrees. 

3.2 Participant Feedback on Empathy as an Evaluation Metric 

Three out of five participants indicated that the definition of empathy, which focused 
on providing care and emotional support, did not align with their expectations of LLM-
generated empathy. Instead, they emphasized that LLM-generated empathy should be 
defined as emotional acknowledgment and being emotionally reflective. 

Perhaps emotionally reflective is better than empathy? [Empathy should assess] 
if there is sufficient acknowledgment of feelings presented in the response? Maybe 
empathy is not needed in all of these [Participant #5]. 

In addition, participants identified neutrality as an important consideration when 
measuring the performance of LLM-based chatbots, expressing a preference for 
objective, information-focused communication rather than simulated friendliness. 

3.3 Participant Empathy Ratings for Chatbot Responses 

Table 1 summarizes the distribution of empathy scores across all scenarios. Of the 15 
total scores, most responses were rated as somewhat empathetic (score of 2), accounting
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Table 1. Participant Empathy Score of Medly Chat Responses Across All Scenarios 

Score of 1 (Not 
Empathetic) 

Score of 2 (Somewhat 
Empathetic) 

Score of 3 (Empathetic) 

Count 2 10 3 

Percentage 13% 67% 20% 

for 10 ratings (67%). High empathy scores (score of 3) were less frequent, occurring 
three times (20%). Low empathy (score of 1) was observed twice (13%). 

We also examined participants’ underlying reasoning for assigning lower empa-
thy scores (1 and 2). Across scenarios, lower ratings were consistently associated with 
responses that used phrases that mimic human empathy, such as “I am really sorry to 
hear”, “I hear you” and “I can only imagine how hard it must be to feel”, which were 
perceived by participants as “gushy”, “condescending” or inappropriately uplifting. 

I feel the human resources guy that is in charge of employment engagement wrote 
this… it is very condescending. [The chatbot says] ‘I hear you’, but you know it 
doesn’t [Participant #4, Scenario 3, Empathy Score: 1]. 

Instead, participants emphasized a preference for the chatbot to focus on providing 
factual information in a neutral tone rather than attempting to be emotionally supportive 
in this context. Additionally, participants also noted that perceptions of empathy are 
subjective and may vary across individuals. 

I don’t think this is a question that requires empathy. It is more of a factual 
question. If I am asking this question, I am not looking for somebody to be caring 
or supportive. I am just looking for some factual information [Participant #1, 
Scenario 2, Empathy Score: 2]. 

I think [chatbot’s response] is too empathetic… for someone else, they might be 
[thinking] this is what I need [because] I got nobody else to talk to… It’s tricky 
[Participant #4, Scenario 1, Empathy Score: 3]. 

4 Discussion 

In human-LLM interactions, overly human-like responses can be perceived by patients 
as deceptive or condescending. In our study, participants reported that LLM’s attempts to 
be empathetic resulted in performative answers that failed to directly address their needs, 
particularly when questions required factual information. Developers of LLM-powered 
patient-facing chatbots should consider prioritizing acknowledgment and actionable 
guidance over displaying “pseudo-empathy”. For example, chatbots can begin by rec-
ognizing users’ stressful situations (e.g., “I understand you are experiencing something 
difficult”) and then provide actionable information. Our next steps involve improving
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the Medly Chat Prototype to ensure that the chatbot focuses on the delivery of factual 
information rather than generating human-like empathy, which can be perceived nega-
tively by patients. In addition, we plan to refine the definition of empathy and explore 
additional LLM evaluation metrics, such as accuracy and safety, which will be assessed 
by clinicians. Furthermore, we plan to conduct additional usability sessions with patients 
and clinicians to refine the development of Medly Chat. 

5 Conclusion 

This study explores how patients living with heart failure perceive empathy in their 
interactions with an LLM-powered chatbot. Findings suggest that generating human-like 
empathy in patient–LLM interactions is not necessarily the gold standard in clinical set-
tings. Instead, developers should focus on acknowledging the patient situation, followed 
by actionable guidance that directly addresses the user’s query. 

6 Limitations 

We acknowledge several limitations of this study. First, we have a small sample size 
(n = 5) and participants were relatively homogenous: they were majority women, all 
were from White European backgrounds, which could limit the generalizability of our 
findings. In addition, all participants in this study used the Medly app and were therefore 
relatively familiar with digital health technologies. Future work should gather perspec-
tives from a larger, more diverse sample of participants with varying levels of comfort 
with technology. 
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Abstract. Due to increasing pressure on emergency departments, par-
ticularly driven by population aging, decision support tools are needed to 
improve patient prioritization. We propose an AI-based approach to iden-
tify patients at risk of critical deterioration at emergency admission using 
only routinely collected medical-administrative data. Our method relies 
exclusively on PMSI data, mainly diagnoses and procedures, which are 
widely available in hospital information systems. A boosted tree model 
is trained t o predict deterioration while providing formal explanations.
Despite the absence of physiological data, the model achieves strong pre-
dictive performance and offers interpretability. A subset of predictions
reviewed by physicians did not reveal obvious errors.

1 Introduction 

Hospitals face increasing pressure due to population aging and limited growth 
in capacity. Decision support tools can help prioritize high-risk patients and 
assist clinicians in emergency settings, where early detection of deterioration 
is critical. While traditional triage methods are limited, recent AI approaches
often rely on physiological data that are not always available and may produce
excessive alerts.

In contrast, PMSI administrative data, including ICD-101 diagnoses and 
CCAM2 procedure codes, are systematically collected for all hospital stays. 
Although less detailed clinically, their standardization and early availability 
make them suitable for risk prediction at admission. W e focus on predicting
critical deterioration using only PMSI data to support, rather than replace, clin-
ical decision-making.

1 ICD-10 stands for the 10th Revision of the In ternational Classification of Diseases.
2 CCAM is the French classification system f or medical procedures.
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We develop a boosted tree model trained on 3,633 emergency patients from 
the Centre Hospitalier d’Arras (2022). The model is chosen for its strong per-
formance on tabular data and its ability to provide interpretable predictions. It 
achieves strong predictive performance with low false n egative and false posi-
tive rates, supporting potential clinical use. Physician evaluation of a subset of
predictions did not reveal obvious errors.

2 Methodology 

2.1 Problem and Data Definition 

Critical deterioration refers to major adverse events during hospitalization, such 
as in-hospital death, ICU transfer, or cardiac arrest. In this study, we define a 
binary outcome where class 1 corresponds to in-hospital death recorded in the
PMSI, and class 0 to survival.

The task is formulated as a binary classification problem at emergency admis-
sion, based on available medical-administrativ e data including demographics,
coded diagnoses, procedures, and transfer information.

Medical-Administrative Data Used. The PMSI is a nationwide adminis-
trative database recording hospital activity in France, including demographics, 
ICD-coded diagnoses, and procedures. These data are available s hortly after
admission and provide a standardized and scalable basis for early risk predic-
tion.

However, they do not capture real-time physiological information. Instead, 
diagnoses and procedures act as indirect indicators o f patient severity, enabling
meaningful but incomplete clinical representation.

2.2 Data Preparation 

Each hospital stay consists of multiple PMSI records grouped into a single 
episode, requiring preprocessing to obtain a tabular representation. Relevant 
variables were selected, redundant labels removed, and records without addi-
tional information excluded. Disc harge outcome was binarized, diagnostic codes
truncated, and transfer times converted into elapsed time since admission.

Since records correspond to individual diagnoses or procedures, data were 
aggregated to represent complete stays using static (age, gender) and dynamic 
(diagnoses, procedures, services) features. A wide format was constructed by 
defining maximum counts per category , resulting in 4,058 stays and 23,754 vari-
ables. Two additional variables capture total counts of diagnoses and procedures.

Missing values were encoded as “NA” rather than imputed, as they may carry 
clinical meaning. Due to class imbalance ( 10% mortality), we applied over-
sampling on the training set only, increasing the positive class to 20% without
synthetic data generation.
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We compared decision trees, random forests, boosted trees, logistic regression, 
and naive Bayes. Models were evaluated using stratified cross-validation with 
standard classification metrics and sample weighting to handle class imbalance.

3 Results and Discussion 

3.1 Model Selection and Predictive Performance 

We focused on tree-based models due to their ability to capture nonlinear interac-
tions, robustness to sparse one-hot enco ded data, and availability of explainable
AI methods.

Several techniques were evaluated, including decision trees, random forests, 
boosted trees, and baseline models such as logistic regression and naive Bayes. 
After hyperparameter tuning, models were assessed using stratified K-fold cross-
validation (K =  5  and K = 10), with consistent preprocessing, standard classi-
fication metrics (accuracy, precision, recall, F1-score), and sample weighting to
address class imbalance.

As shown in Table 1, boosted trees (XGBoost) achieved the best and most 
balanced performance, with aligned precision and recall and low v ariability, indi-
cating stability. ROC curves (Fig. 1) confirm this result, with an area under the 
curve of AUC =  0.952. The confusion matrix shows a majority of true positives 
and true negatives, with few false positives and false negatives.

Overall, these results demonstrate the feasibility of predicting patient deterio-
ration from PMSI data, suggesting t hat predicted cases should be taken seriously
by clinicians.

TN FP FN TP 

Boosted tree 709 3 15 78 

Decision tree 758 154 19 108 

Random forest 800 112 51 76 

Logistic regression 911 1 125 2 

Naive Bayes 912 0 127 0 

Fig. 1. ROC curves and confusion matrices for the different models considered.
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Table 1. Performance metrics: average and standard deviation (for class 1)  for  the  5  
(resp. 10) boosted trees that have been learned.

Accuracy Precision Recall F1-score 
K  =  5  97.67% (0.05) 97.92% (0.08) 99.49% (0.09) 98.69% (0.02) 
K  =  1  0 98.55% (0.18) 98.86% (0.18) 99.51% (0.06) 99.18% (0.11) 

3.2 Analysis by Subpopulation 

We analyzed misclassified instances across patient groups defined b y age and
gender (Table 2). 

Table 2. Number of errors made by the model according to the patien t’s age-gender
category (axes swapped).

< 50 50 − 70 70 − 80 80 − 90 > 90 

Male 0 5 4 1 0 
Female 0 3 2 3 0 

No errors were observed in two age categories. For patients under 50, this 
is explained by the absence of deaths, making class 1 impossible to predict. 
The lack of errors in patients over 90 may be related to a smaller and more
homogeneous sample with severe profiles. Most errors occur in patients aged 50
to 90, without a clear association with age or gender.

3.3 Evaluation of Predictions by Medical Experts 

We submitted 22 patient stays and their AI predictions to a panel of 7 hospital 
practitioners, including both correct predictions and the two model errors. Each 
case was evaluated independently by three practitioners using three categories: 
“inconsisten t prediction,” “impossible to judge,” or “consistent prediction,” with
the most unfavorable assessment retained in case of disagreement.

Overall, 68% of predictions were concordant with expert judgment, with lim-
ited disagreement mainly between “consistent” and “impossible to judge.” Half 
of the cases were rated as consistent and half as impossible to judge, highlight-
ing both the relevance of the predictions and the limitations of PMSI data. 
Practitioners emphasized the need for access to full medical records, which was
not available in this study. Notably, the model correctly predicted some cases
deemed impossible to assess by physicians, suggesting its potential to support
decision-making in uncertain situations.
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3.4 Additional Analyses 

We conducted additional analyses on predictive uncertainty, temporal stabil-
ity, and explainability. Calibration assessed via a reliability diagram showed 
good agreement between predicted confidence and empirical accuracy, with slight 
underconfidence near the decision threshold. We examined prediction evolution 
during hospitalization by progressively incorporating information from successive
wards (covering 99.43% of cases). Predictions remained largely stable, suggest-
ing that information available at emergency admission captures most relevant
clinical signals.

We also evaluated the feasibility of generating local explanations, including 
abductive and contrastive explanations [5],3 using PyXAI [2]. Explanations are 
generated in a few minutes and remain compact (around 18 variables), support-
ing practical usability. Consistent explanation structures are observe d across
cases, with features such as patient age frequently appearing.

4 Conclusion 

The main objective of this study is to demonstrate the feasibility of predicting 
critical health deterioration at emergency admission using only PMSI data. We 
propose a predictive framework based on routinely collected medical-administra-
tive information, achieving strong performance with a low false-negative rate 
and limited false positives, w hich is important in this context. The boosted-tree
model is complemented by explainability techniques providing reliable insights
into predictions.

Results show that data available at admission are often sufficient for accurate 
prediction, with limited additional gain from subsequent hospital information. 
Explanations can be generated efficiently and highlight clinically relevant fea-
tures. Although developed on French PMSI data, the approach is generalizable 
to other healthcare systems, as it relies on standard data types and interna-
tional coding systems such as ICD, along with national equivalents (e.g., CPT, 
OPCS-4, OPS). 

Acknowledgements. This work has benefited from the support of the France 2030
MAIA project (ANR-22-EXES-0009) of the French National Research Agency (ANR)
and of the Arras Urban Community (CUA). We thank Arras Hospital Center (CHA)
for providing the data and for their support throughout this study.

3 Abductive explanations identify minimal sufficient features for a prediction, while 
contrastive explanations indicate what w ould need to change for a different outcome.
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Abstract. Feature engineering plays an important role in medical image 
analysis. Persistent homology (PH), from the field of topological data 
analysis (TDA), demonstrates robustness and stability to data pertur-
bations and addresses the limitation of traditional feature extraction 
approaches. PH encapsulates topological features in the form of the per-
sistence barcode. When multiple barcodes are computed from 2D or 3D 
medical images, two approaches can be used to construct the final topo-
logical feature vector in each dimension: barcode aggregation followed by 
featurization, or concatenation of feature vectors deriv ed from each bar-
code. In this study, we conduct a comprehensive analysis across diverse
medical imaging datasets to compare the effects of the two approaches on
the performance of classification models. Our results indicate that feature
concatenation preserves detailed topological information from individual
barcodes and yields better classification performance.

Keywords: Barcode vectorization · medical imaging · persistent 
homology · top ological data analysis

1 Introduction 

In medical image analysis, classical radiomics features, are sensitive to va ria-
tions in image acquisition settings [8], while deep learning methods are com-
putationally expensive and less explainable. TDA has emerged as a promising 
technique to overcome some of these limitations, extracting insights that cannot 
be obtained by c lassical approaches. TDA captures the shape and structure of
data at different scales, revealing hidden patterns [3]. PH, a main TDA tool, 
summarizes topological and geometric features such as connected components, 
loops, and cavities as persistence barcodes (PB) [3]. TDA has been successfully 
applied to various medical imaging modalities. A survey of recent TD A appli-
cations in medical imaging is available in [10]. PH features are often extracted
c The Author(s), under exclusive license to Springer Nature Switzerland AG 2027 
P. Andreev et al. (Eds.): AIME 2026, LNAI 16749, pp. 167–171, 2027. 
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from the entire 3D image, resulting in a single PB, which may not always provide 
a robust representation and can affect ML model performance. For example, in 
small datasets, PH can be computed at the slice level, resulting in multiple bar-
codes from a single image. In ultrasound imaging, this can occur when PH is built 
from each filtered image version. An open problem remains: should barcodes
be combined by aggregation (barcode level) or concatenation (feature level)?
This study systematically compares the effect of barcode aggregation (BA) and
barcode-feature concatenation (BFC) on the performance of ML model.

2 Materials and Methods 

TDA features extraction typically involves applying a filtration to construct PH 
as PBs, and featurizing them into feature vectors. In this study, we will use t wo
approaches to build PH from images: (1) using image patch local binary patterns
(LBP) [9], a landmark selection algorithm with simplicial complex filtration, 
and (2) cubical complex filtration. In the first stream a small subset of Uniform 
LBPs, including only the fourth and fifth geometries (corresponding to edges
and corners) are utilized, since 60% of pixel landmarks in medical images belong
to this subset [5]. Using this method, a point cloud is constructed from selected 
landmark pixel locations, which s erve as the basis for building PH from images.

A simplicial complex (SC) is a topological space constructed from a collec-
tion of multi-dimensional triangular subsets of Rn, joined together along shared
boundary elements like nodes, edges, and faces [3]. The Vietoris–Rips (V  R) com-
plex, a specific type of simplicial complex, is used in this work to construct PH 
from point clouds obtained via the ULBP process. During this process, homo-
logical features appear and vanish, where each can be stored as a bar which 
encapsulates the birth and death of connected comp onents and 1D loops. A
collection of such bars is stored in what is called persistence barcode. An equiv-
alent representation of PB is known as persistence diagram (PD) [3]. A cubical 
complex (CC), the cubical analogue of a (V  R) complex, is a method to build 
PH from grid-structured data, for instance, digital images. Using a scalar func-
tion, gray-level pixel intensity here, cubical complex is constructed by ordering 
the cells (vertices, e dges, squares, etc.). For a digital image, cells are added to
the complex based on the ascending order of their pixel intensity values [4]. 
When multiple PBs are obtained from a 2D image or across CT slices, they can 
be either aggregated before vectorization or individually vectorized and then 
concatenated into a feature vector. The features stored in PBs are not compat-
ible with ML algorithms because their Fréchet averages are not unique. Hence, 
they need to be vectorized. In t his work, we experiment with five vectorization
algorithms, including the Betti curve, persistent statistics, entropy summary,
persistent landscapes, and persistent tropical coordinates (P.T.C.) [2]. 

In this work, we experiment with 2D and 3D medical images. The 3D datasets 
include an in-house (HIPAA-compliant retrospective) balanced liver tumour CT 
dataset of 204 patients (in trahepatic cholangiocarcinoma and hepatocellular car-
cinoma) and the unbalanced KiTS19 kidney tumour dataset [7] comprising 210
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Fig. 1. Sample images from each dataset, with ROIs highligh ted for CT slices.

patients who underwent partial or radical nephrectomy. For 2D images, we used 
a balanced subset of the Breast Ultrasound Images (BUSI) dataset [1]  with  
376 patients and the digital database for screening mammography (DDSM) [6] 
comprising 512 patients. Sample ROI images from e ach dataset are illustrated
in Fig. 1. For 3D datasets, CT images were resampled to the average spacing, 
and Hounsfield Unit values were used without windowing. For the liver tumour 
dataset, the ROI consists of the entire liver region with the top 15 largest ROI 
slices selected. For the KiTS19 dataset, tumour regions serve as the ROIs with at 
least five non-empty ROI slices required for inclusion, resulting in the exclusion 
of seven patients. The 2D datasets consist of preprocessed 128×128 ROI images. 
PH were computed from the ROI in dimensions zero and one. For simplicity, 
from now on, PD will be used which refers to a diagram that contains topologi-
cal features of both dimensions. For the 3D datasets, PH is constructed from CT
slices using the cubical complex and V R complex filtration. For the 2D datasets,
multiple PDs were computed from images via V R complex filtration. With mul-
tiple PDs, we applied BA and BFC, yielding feature vectors that were fused
across PH dimensions for each vectorization method. This pipeline is depicted

Fig. 2. An overview of different experiment pipelines for datasets of 2D and 3D images.
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in Fig. 2. The pipeline further includes data splitting, standardization, LASSO 
feature selection, classification with multiple models, 5-fold CV hyperparameter 
tuning, and final evaluation on the test set. Further details, including calibration
curves and the source code, are available on GitHub.1 

3 Results and Discussion 

The experimental results on the test data are reported in Table 1 in terms of 
AUC, accuracy, recall, precision, and F1-score. The table includes the results 
of the best-performing models and vectorization methods. Overall, for the 3D 
datasets, BFC outperforms BA across the two filtration approaches, except 
for the KiTS19 datasets, where both approaches yield analogous results with 
V  R  complex filtration. Similar trends are observed in the 2D datasets, where 
BFC dominates across performance metrics. Lastly, we tested for significant
differences between BA and BFC using McNemar’s test (accuracy and recall),
DeLong’s test (AUC), generalized estimating equations (precision), and boot-
strapping (F1-score). Significant results are highlighted with asterisks in Table 1. 
Although the statistical power required to achieve significance (p-value < 0.05) 
in pairwise comparisons is limited by the relatively small testing set size, BFC 
demonstrated a consistent directional advantage over the BA across different 
imaging modalities. These findings suggest that the former approach may pro-
vide a more generalizable and effective topological feature representation, even
when localized statistical testing is underpowered.

Table 1. Comparison of BA and BFC on Test Data Across Datasets Using CC and V  R  
Complex Filtration. (Classifiers: LDA: Linear Discriminant Analysis, LightGBM: Light 
Gradient Boosting Machine, C atBoost: Categorical Boosting, RF: Random Forest, LR:
Logistic Regression, ET: Extra Trees, KNN: K-Nearest Neighbours).

Dataset Method Feature Model Accuracy AUC Recall Prec. F1 
Liver Tumours CC& BA Pers. Statistics LDA 0.8250 0.8875 0.8250 0.8258 0.8249 

CC & BFC Betti Curve LightGBM 0.9250 0.9375 0.9250 0.9261 0.9250 
V  R  &  BA Pers. Statistics CatBoost 0.7500 0.8200 0.7500 0.7525 0.7494 
V  R  &  BFC Entropy Summary RF 0.8000 0.7975 0.8000 0.8000 0.8000 

KiTS19 CC & BA Entropy Summary LR 0.7750 0.7198 0.6429 0.6923 0.6667 
CC & BFC Betti Curve ET 0.8000 0.8104∗ 0.7857 0.6875 0.7333 
V  R  &  BA Entropy Summary Ridge 0.8250 0.8159 0.7857 0.7333 0.7586 
V  R  &  BFC P.T.C. KNN 0.8250 0.8132 0.7143 0.7692 0.7407 

BUSI V  R  &  BA Betti Curve CatBoost 0.8333 0.8650 0.9722 0.7609 0.8537 
V  R  &  BFC P.T.C. CatBoost 0.8889 0.9282 0.9722 0.8333 0.8974 

DDSM V  R  &  BA Pers. Statistics LR 0.8039 0.8900 0.7843 0.8163 0.8000 
V  R  &  BFC Pers. Landscape Ensemble 0.8529 0.9212 0.8627 0.8462 0.8544

1 https://github.com/dashtiali/barcode_aggregation_vs_feature_concatenation. 
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4 Conclusion 

In this study, the effects of PB aggregation were compared to vectorized barcode 
concatenation as two different approaches to summarize TDA features from mul-
tiple barcodes constructed from medical images. Experiments were conducted on 
four datasets with two filtration methods to generate barcodes. A comprehen-
sive classification pipeline with five barcode vectorization approaches was used. 
Our findings suggest that, overall, BFC results in better performing models than 
BA. These findings provide useful guidance for TDA practitioners conducting 
similar analysis and for researchers in other fields seeking to apply TDA in 
their research. One limitation of this work is the small sample size and the lack
of inclusion of other medical imaging modalities such as MRI. Future research
directions include exploring other PH construction methods and incorporating
clinical variations, such as noise index in the experiments.

Acknowledgments. This work was funded by National Institutes of Health and
National Cancer Institute grants R01CA233888 and U01CA238444.
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Abstract. Amblyopia is a neurodevelopmental disorder wherein abnor-
mal visual experience during childhood permanently impairs vision in 
one eye. An EEG biomarker of amblyopia would be useful for screen-
ing, diagnosis, and monitoring. We recorded three-channel EEG from 
amblyopes (n = 7) and visually normal controls (n = 6) instructed to 
close both eyes, open both eyes, close the right eye, and then close the 
left eye. We segmented recordings into one-second epochs and computed 
subband features. We used these features and leave-one-participant-out 
cross-validation to train and test six binary classifiers: Is the given epoch 
recorded from an amblyope? A gradient boosting classifier outperformed 
all others inv estigated with 78.1% correct accuracy (chance performance
50% correct). Permutation-based analysis revealed the importance of
alpha- (8 to 12 Hz) and gamma-band (> 30 Hz) features derived from
recordings contralateral to the dominant eye. Replication with a larger
cohort may enable us to find computational correlates of amblyopia sever-
ity, potentially useful to monitor treatment effectiveness.

Keywords: Amblyopia · EEG biomarker · Machine-learning 
classification · Brain oscillations · Neurod evelopmental vision disorder

1 Introduction 

Amblyopia is typically assessed with monocular visual acuity tests and, if diag-
nosed early, can be treated with patching [2]. An objective electroencephalo-
gram (EEG) biomarker would be useful for screening, diagnosis, and monitor-
ing because visual acuity testing exhibits high test-retest variability [6]. The 
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amblyopia pathophysiology begins in primary visual cortex (V1). A study of 
V1 in amblyopic macaques, which measured multi-unit activity with intracor-
tical microelectrode arrays, found shifts in ocular dominance ( OD) away from
the amblyopic eye (AE) correlated with behavioral deficits [10]; visually nor-
mal V1 comprises multi-unit sites responding to stimulation of either eye, many 
of which respond roughly equally to visual stimulation of either dominant or 
non-dominant eye, but in amblyopic V1 multi-unit sites tend to respond more 
vigorously to visual stimulation of the non-AE (the fellow eye, FE). The tra-
ditional view holds that partial deafferentation of cortex by the AE may be
responsible for this shift [5]. 

Activity in human sensory cortex appears not only as evoked potentials, 
but also as changes to the ongoing EEG, that is, event-related desynchroniza-
tion/synchronization (ERD/ERS) [9]. ERD (ERS) is an amplitude decrease 
(increase) of rhythmic activity, localized in time, space, and frequency; both are 
associated with numerous sensorimotor and cognitive behaviors [3]. The eyes 
open/closed paradigm [1] provides a canonical example of ERS and ERD. When 
the eyes are closed, there is no excitatory drive to cortex, and the amplitude of 
the alpha rhythm (8 to 12 Hz) over occipital cortex increases markedly (alpha 
ERS). When the eyes are open, visual drive activates occipital cortex and blocks
(i.e., suppresses) alpha activity (alpha ERD). A second example [9]: gamma (30 
to 80 Hz) ERS is induced during visual stimulation [4]. 

We reasoned that ERD and ERS, recorded during the eye open/closed 
paradigm, modified to include monocular eye closure, should differentiate ambly-
opic from normal visual cortex. Put simply, in severe amblyopia, if the AE pro-
vides no drive to deafferented cortex, then the AE alone (AE open/FE closed) 
should be ineffective as an alpha blocker. Furthermore, if the severely AE pro-
vides no cortical drive, then gamma ERS should be absent unless the FE is
open.

2 Methods 

We recruited 13 participants, six with normal (or corrected-to-normal) vision and 
seven with an amblyopia diagnosis. Protocols were approved by the Auckland 
Health Research Ethics Committee (ref. 22769). We measured Pelli-Robson con-
trast sensitivity, ETDRS acuity, and (in normals) eye dominance. We made a 40-
second EEG recording from each participant during which they were instructed 
to close both, open both, close the right, then close the left eye (10 s each). To 
mitigate transition artifacts, we discarded the first 2 s of each condition. We used 
an ActiveTwo MK2 system (BioSemi, Amsterdam, Netherlands) with electrodes 
Oz, O1, and O2 (international 10–20 system). We band-pass (0.5 to 80 Hz) and 
notch (50 Hz) filtered recordings. We segmented recordings into contiguous one-
second epochs. For each epoch, we extracted 43 features: Features 1 to 36: For
each channel, we extracted power from four canonical frequency bands (theta:
4–8Hz, alpha: 8–12Hz, beta: 12–30Hz, gamma: 30–80Hz) by integrating the
power spectrum. In each band, we also extracted power-weighted average fre-
quency, and the frequency at which cumulative power reached 50% of the band
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total, giving 36 ‘power’ features in total (3 channels × 4 bands × 3 measures). 
Features 37 to 39: For each channel, we extracted normalized alpha-band 
power, defined as the ratio of alpha-band power to power in the 36 to 40 Hz 
band recorded while the participant’s eyes we re open. Features 40 to 43: A
length-4, one-zero vector which encoded the experimental condition (e.g., eyes
closed was encoded as {1, 0, 0, 0}).

Central to this study was a binary classification task: Is the given epoch 
recorded from an amblyope? To select a classification model and optimize its 
hyperparameters, we first split our data set of extracted features into two 
approximately equal parts: the ‘training’ data set was comprised of the features 
extracted from recordings from the first three (of six total) normals, and the first 
three (of seven total) amblyopes; the ‘hold-out’ data set was comprised of the 
features extracted from the recordings from the other participants (three normals 
and four amblyopes). The training data set was used to select the classification 
model and to optimize its hyperparameters; this model was later tested on b oth
the training and the hold-out data sets using leave-one-participant-out (LOPO)
cross-validation (CV). The training data set was also used to compute feature
scaling parameters, which we then applied to both training and hold-out data
sets (scaling ensured zero-mean and unit-variance across all features). We eval-
uated six classification models: linear discriminant analysis; logistic regression;
support vector machine; decision tree; random forest; and, gradient boosting
(GB).

For each model, we performed a grid search over predefined hyperparameter 
ranges. We assessed each hyperparameter combination using 10-fold stratified 
CV within the training set. This stratification maintained class balance across 
folds but, given the limited number of training participants (n = 6), it did not 
test on data from unseen individuals (instead, unseen samples). We selected 
the model and hyperparameters with the highest mean CV accuracy. The 10-
fold stratified CV of the selected model and hyperparameters was repeated with 
the training labels of each fold shuffled to determine an empirical baseline (i.e., 
chance performance). We then evaluated the selected model (with optimized 
hyperparameters) using features derived from recordings from all participants
using LOPO CV. On each fold, we trained the classifier using features derived
from recordings from all participants except one, and then tested the classifier
on features derived from the recording from that held-out participant. To estab-
lish empirical baseline we shuffled training labels on each fold. This LOPO CV
procedure assessed generalization to unseen participants.

We determined which features drove classification using a permutation-based
approach [8]. For each fold of the LOPO CV procedure, we estimated the impor-
tance of each EEG channel by shuffling training labels within that channel and 
measuring the adverse effects of doing so on classification performance. We then 
applied the same procedure at a finer scale, shuffling training labels within chan-
nel and frequency band. After each shuffle, we retrained and tested the model
within that fold using the same evaluation pipeline. For the channel-level analy-
sis, we quantified importance as the reduction in accuracy relative to the unshuf-
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fled baseline, with larger decreases reflecting greater importance of that channel. 
We then repeated the same procedure for each channel-frequency band combina-
tion. Finally , we averaged results across the 12 folds to obtain across-participant
estimates.

3 Results and Discussion 

We recorded robust EEG from 12 of 13 participants. Off-line inspection of 
recordings from participant A7 revealed no modulations beyond technical noise; 
this recording was excluded. After hyperparameter optimization, the GB clas-
sifier outperformed all other classifiers with 95.4% correct accuracy (95% 
CI: 90.0–100.0). Its optimal hyperparameters were: {‘learning_rate’: 1.0, 
‘max_depth’: 3, ‘n_estimators’: 200, ‘subsample’: 1.0}.  We  then  eval  -
uated the GB classifier using features derived from recordings from all partici-
pants (n = 12). The GB classifier performed with 78.1% correct accuracy (the
average over all folds of the LOPO CV; Fig. 1). This accuracy was greater than 
chance accuracy (p<0.01, Wilcoxon signed-rank test).

Fig. 1. Confusion matrix (left): GB classifier, 78.1% correct accuracy. Numbers are 
mean across CV folds (± s.d.). Plot at right: percentage point reduction in GB classifier 
accuracy for EEG channels and frequency bands. Larger reductions reflect greater
importance. Each symbol is a participant.

Classification was primarily enabled by features derived from recordings con-
tralateral to the dominant eye (i.e., DE of normals, FE of amblyopes). S pecifi-
cally, contralateral gamma-band features were the most important (Fig. 1); our 
disruption of those features adversely affected the GB classifier’s performance 
by 17.3% (95% CI: 9.1–28.9; p<0.01, Wilcox on signed-rank test). Contralateral
alpha-band activity was also important.

Our analysis revealed hemispheric asymmetry: classification was primarily 
enabled by alpha- and gamma-band features derived from EEG recordings con-
tralateral to the DE. Our review of literature prompts two considerations. First,
Shooner et al. [10] found, in amblyopic macaques, shifts in OD away from the 
AE. Specifically, they found that the extent of this shift varied with hemisphere,
with the hemisphere contralateral to the DE generally showing the largest shift.
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They note that this result suggests a specific weakness of the cortical represen-
tation of the temporal retina of the AE. The asymmetry we r eport here may
partly stem from this specific weakness. Second, Wang et al. [11] recorded EEG 
from visually normal participants viewing a crosshairs with right, l eft, or both
eyes and found hemispheric asymmetry.

Recently, Niu et al. [7] reported a case-control study which recorded multi-
channel EEG from a cohort of amblyopic children. Their results were compa-
rable to ours, but our three-channel EEG montage, experimental design (no
fixation task), and feature computation are significantly simpler, and may be
more amenable to a clinical setting.

This is a pilot study not without limitations. First, our GB classifier per-
formed above chance, but our sample size was small and we made no effort 
to match control and amblyopic cohorts. Second, our model analysis revealed 
the importance of DE-contralateral alpha- and gamma-band features, but the 
reasons for this are not clear. Last, our GB classifier was able to differentiate 
amblyopes from controls, but it is unclear whether this classification perfor-
mance r elates to amblyopia severity. Replication with a larger cohort of ambly-
opes would enable us to interrogate the classifier for computational correlates of
severity, potentially useful for monitoring therapeutic intervention.
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Abstract. LLMs are being implemented for clinical applications, but 
are met with doubts regarding their reliability, reasonability, and safety. 
This paper reviews 19 studies on how clinical LLMs are evaluated and is 
centered around evaluation rather than model performance. We suggest 
an eight-criterion evaluation framework of technical, reasoning, explain-
ability, and trust components. The findings indicate that the evaluation
is poorly structured and is mostly dominated by accuracy, with an evi-
dent lack of emphasis on reasoning consistency and trust.

Keywords: LLMs · Clinical AI Evaluation · Trustworthy A I ·
Explainable AI

1 Introduction 

LLMs are becoming prevalent in various parts of the clinical workflow, includ-
ing clinical decision support, clinical documentation, and triage [7,18]. However, 
their widespread adoption raises significant safety concerns. LLMs continue to 
hallucinate, exhibit irrationality, and generate risky and unsafe suggestions. Eval-
uation in general is often limited to input/output accuracy and gives only an 
incomplete picture of system trustworthiness, while generally not addressing 
explainability o r clinical accuracy of reasoning. A lack of standardized protocols
for clinical evaluation, varying by different datasets and metrics, makes it hard
to compare performances [8]. Trustworthy reasoning and explainability, how-
ever, are crucial for adoption into healthcare settings. We introduce a unified 
framework that combines the technical and trust dimensions of LLMs in clin-
ical applications. In particular, we focus on the clinical accuracy of reasoning,
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explainability, and robustness. In this work, we do not provide any evaluation of 
the models, instead, we review how models are evaluated in the literature, and 
check whether key evaluation criteria are considered. This paper is structured
as follows: Sect. 2 introduces the framework and the study selection, and Sect. 3 
discusses the comparative study. Finally, we c onclude the paper.

2 Study Selection and Evaluation Framework 

We retrieved 19 clinical LLM evaluations (both peer-reviewed papers and pre-
prints) covering diagnosis, retrieval, and reasoning systems. This paper focuses 
not on assessing clinical LLM performance, but rather on assessing their clin-
ical LLM evaluation. We describe a framework of evaluation covering techni-
cal, reasoning, explainability, and trust. Most evaluation strategies are non-
standardized, focusing purely on accuracy without considering reasoning valid-
ity, transparency, safety, or human involvement. Drawing upon principles of
clinical AI, our proposed framework focuses on reasoning fidelity, traceability,
uncertainty-awareness, and robustness: A more thorough evaluation than current
methods of a clinical LLM. These evaluation dimensions are defined below:

1. Diagnostic Accuracy and Stability: Correct and stable outputs a cross
similar inputs.

2. Reasoning Transparency and Traceability: Interpretable and v erifiable
reasoning.

3. Completeness: Coverage of relevan t clinical information.
4. Clinical Reliability and Readability: Clarity and in terpretability.
5. Reasoning Fidelity: Consistency with clinical evidence.
6. Introspection Quality: Uncertainty awareness and limitation detection.
7. Human Agency and Oversight: Human supervision and validation.
8. Clinical Robustness and Bias Sensitivity: Robustness across populations 

and bias handling.

3 Evaluation-Based Comparative Analysis of LLMs 
in Clinical Systems 

The following table summarizes works applying the proposed framew ork (see
Tables 1 and 2). We notice that accuracy and readability are evaluated most 
often, while other metrics vary from system to system. Trust is considered to 
some extent, while introspection and human control are almost absent. Evalua-
tion still relies heavily on the output of the systems.
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Table 1. Technical and performance e valuation.

Work Model Accuracy Completeness Reliability Robustness 

[10] LLaMA-3 High High High Limited 

[2] GPT-4 High High High Limited 

[13] GPT-4 High High High Limited 

[12] Multi-LLM High High High Limited 

[20] Multi-LLM High Moderate Moderate Limited 

[3] GPT-4 High Low Moderate Controlled 

[17] Multi-LLM High Moderate Basic Controlled 

[14] GPT-4V High Moderate Basic Controlled 

[1] Multi-LLM High Moderate Basic Controlled 

[15] Multi-LLM High Full High Partial 

[6] Multi-LLM High Moderate High Limited 

[16] Multi-LLM High Moderate High Limited 

[9] Multi-LLM High High Basic Controlled 

[4] Multi-LLM High Low Basic Partial 

[8] GPT-4 High Low High Partial 

[11] Multi-LLM High Moderate Moderate Partial 

[5] Multi-LLM High High High Limited 

[19] Multi-LLM High Low Basic Partial 

[21] Multi-LLM High Low High Partial 

Table 2. Trust Eva luation

Work Model Traceability Fidelity Introspection Human Oversight 

[10] LLaMA-3 Limited Low Limited Limited 

[2] GPT-4 Limited Low Limited Limited 

[13] GPT-4 Limited Low None Limited 

[12] Multi-LLM Limited Low None Limited 

[20] Multi-LLM Limited Low None Limited 

[3] GPT-4 Partial Low None Limited 

[15] Multi-LLM High High Partial Full 

[6] Multi-LLM Limited Low None Limited 

[16] Multi-LLM Limited Low None Limited 

[9] Multi-LLM Rare Low None Limited 

[4] Multi-LLM Rare Low None Limited 

[8] GPT-4 Rare Low None Limited 

[11] Multi-LLM Partial Low None Limited 

[5] Multi-LLM Rare Low None Limited 

[19] Multi-LLM Rare Low None None 

[21] Multi-LLM Limited Low None Limited 
Note: Multi-LLM indicates studies evaluating more than one model within the 
same experimental setup.
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4 Discussion 

In this work, we analyzed evaluation practices of clinical LLMs with regard to 
their quality of reasoning, trustworthiness, and dependability. We showed that 
current approaches perform well in terms of output quality (accuracy, readabil-
ity) but fail to capture reasoning, explainability, and clinical trustworthiness of 
these models. Evaluation remains fragmented and based on the outputs. They 
have a scarce approach regarding traces of reasoning, uncertainty, and humans-
in-the-loop verification. We presented a multi-dimensional framework to stan-
dardize clinical LLMs evaluation. This survey covers only a few studies due to
the constraints of qualitative works. Future work should broaden the study and
evaluate the framework on a large number of studies in real clinical settings.

5 Conclusion 

We looked at the evaluation approaches of clinical LLMs with a focus on rea-
soning, trust, and dependability. We saw that the current approaches have good 
outcomes on the output quality, such as accuracy and readability, but there are 
considerable shortcomings when it comes to logical consistency, explainability, 
and reliability. Evaluation methodology appears to be fragmented and very mu ch
focused on the output without considering reasoning traces, introspection, and
human in the loop. We propose a multi-dimensional evaluation methodology
targeting a standardized and clinically meaningful evaluation of clinical LLMs.
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Abstract. Early and reliable detection of malignant tumors is essen-
tial for improving patient outcomes, yet traditional diagnostic workflows 
remain highly dependent on radiological expertise, which can be both 
scarce and prone to variability. Deep learning has shown promise in 
automating medical image analysis; however, many existing models fail 
to capture the subtle, multi-scale features inherent in complex medi-
cal images. In this work, we present a novel multiresolution fusion net-
work with attention for cancer detection, targeting both brain and breast 
imaging modalities. Our approach combines wavelet-based multiresolu-
tion decomposition and kernel-based feature integration to extract rich 
representations across spatial scales. An attention mechanism is then 
employed to adaptively emphasize clinically relevant features and capture 
global contextual dependencies. The proposed method is evaluated on
two distinct datasets (MRI scans for brain tumor classification and ultra-
sound images for breast cancer detection), demonstrating strong gener-
alization across modalities. The model achieves classification accuracies
of 98.56% for brain tumors and 93.57% for breast cancer, outperforming
state-of-the-art baselines by approximately 2.4 and 8.8% points, respec-
tively. These results highlight the effectiveness of attention-enhanced
multiresolution learning for robust, cross-domain cancer diagnosis.

Keywords: Wavelet decomposition · Attention mechanism · Tumor 
classification · Brain tumor · Breast cancer

1 Introduction 

Brain tumors and breast cancer are among the most prevalent malignancies, 
often diagnosed late due to asymptomatic early stages [1]. MRI and ultra-
sonography (USG) are primary screening modalities, but accurate in terpretation
depends on scarce radiological expertise [2]. Deep learning has shown strong 
potential for automating medical image analysis, yet conventional CNNs use 
fixed-size kernels and local receptive fields that struggle with the multi-scale
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features inherent in tumor imaging [3]. Wavelet decomposition offers principled 
hierarchical frequency analysis [4], but as a fixed transform it cannot adaptively 
focus on discriminative regions. Self-attention [5] captures global dependencies 
but lacks built-in multiresolution structure.

We propose a Multiresolution Fusion Network with Attention that com-
bines these complementary strengths. Unlike prior attention–CNN hybrids that 
operate purely in the spatial domain, the core novelty is to learn parameter-
ized kernels directly in the wavelet domain at every decomposition level via 
element-wise modulation, and then refine the r econstructed feature map with
self-attention. This yields noise-robust frequency-localized learning followed by
content-adaptive global refinement in a single block.

Contributions. 

– An attention-enhanced wavelet block that performs learnable element-wise 
modulation of wavelet coefficients at every decomposition level, then applies 
self-attention to the r econstructed feature map, jointly preserving multireso-
lution localization and enabling adaptive refinement.

– A unified architecture effective across modalities, achieving 98.56% (brain 
MRI) and 93.57% (breast USG) accuracy and outp erforming state-of-the-art
by 2.4 and 8.8% points respectively.

2 Related Work 

CNN-based brain tumor classifiers [6–8] operate purely in the spatial domain and 
rely on fixed receptive fields, while breast USG classifiers [9,10] face additional 
challenges from speckle noise and operator dependence. Self-attention has been 
added to CNN backbones for medical imaging tasks [11,12], but as a post-hoc 
refinement on noise-mixed spatial features. Our work differs by performing learn-
able feature modulation inside the wavelet domain (separating n oise from signal
at every scale) before applying attention to the reconstructed representation.

3 Proposed Approach 

Given an input feature map, the Discrete Wavelet Transform (DWT) [13] decom-
poses it into one approximation and three detail sub-bands (horizontal, vertical, 
diagonal) at each level, halving spatial dimensions while capturing frequency-
localized information. The approximation is recursively decomposed for multi-
level analysis. We use Daubechies-4 (db4) wavelets for their compact support and 
texture retrieval capability. We parameterize learnable kernels kφ in the wavelet 
domain and perform element-wise multiplication with the decomposed coeffi-
cients at each level. This enables the network to learn discriminative patterns
in a representation where noise and signal are more readily separable, which is
particularly valuable for medical images corrupted by acquisition noise.
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Let W(·)  and  W−1(·) denote the forward and inverse wavelet transforms. For 
input feature yj(x) and learnable wavelet-domain kernel kφ: 

ỹj(x) = W−1(kφ · W(yj(x))) , (1) 

where · denotes element-wise multiplication applied at each decomposition level. 
The reconstructed map ỹ j is then refined with standard scaled dot-product
self-attention [5]: query, key, and value projections Q, K, V are produced via 
1×1 convolutions, and the spatial attention map Ms = softmax(QK /

√
dk) 

modulates the value (channel) attention map Mc to yield the refined output 
a(x)  =  Ms ⊗ Mc . The full input image is first uplifted via a 1×1 convolution
and then passed through b stacked attention-enhanced wavelet blocks (Fig. 1): 

yj+1(x)  =  σ A W−1(kφ ·  W(yj(x))) + ks · yj(x) , (2) 

where σ(·)  is  GELU,  ks parameterizes a 1×1 convolution skip connection (which 
preserves the input representation and stabilizes training), and A[·] denotes the 
attention operator. After b blocks the feature volume is flattened and fed to
fully-connected classification layers, trained with cross-entropy loss using SGD
with momentum and learning rate decay.

Fig. 1. Proposed architecture: stacked attention-enhanced wavelet blocks, each modu-
lating DWT coefficients elemen t-wise then refining with self-attention.

4 Results 

Datasets and Setup. We evaluate on the BUSI dataset [14] (780 breast USG 
images, 3 classes) and a brain MRI dataset [15] (3,264 scans, 4 classes). All 
images are resized to 224×224 for parity with the CNN baselines and to keep
training tractable on a single GPU; preliminary trials at higher resolution did not
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improve accuracy. We report accuracy, precision, recall, and F 1-score, and com-
pare against MobileNetV2 [16], EfficientNetV2 [17], and three domain-specific 
methods [6–8]. Hyperparameters: db4 wavelets with 4 (brain)/6 (breast) decom-
position levels, SGD (lr 0.001, momentum 0.9), batch 32, 50 epochs, weight decay 
0.005 (brain)/0.001 (breast). Gaussian blurring and random horizontal flipping
are used for augmentation; heavier augmentation did not help.

Table 1. Brain tumor classification results (mean ± std ov er multiple runs).

Method Accuracy Precision Recall F1-score 
MobileNetV2 [16] 92.26 ± 1.95 92.22 ± 1.57 92.63 ± 1.66 92.10 ± 1. 95

EfficientNetV2 [17] 77.48 ± 4.38 77.45 ± 4.15 77.07 ± 4.36 76.53 ± 4. 61

Ismael et al. [7] 96.11 ± 1.44 96.21 ± 1.37 95.96 ± 1.38 96.07 ± 1. 38

Deepak et al. [6] 95.78 ± 1.06 95.66 ± 0.99 95.74 ± 1.11 95.69 ± 1. 07

Shahin et al. [8] 96.20 ± 0.71 96.23 ± 0.58 96.10 ± 0.96 96.14 ± 0. 64

Proposed 98.56 ± 0.64 98.93 ± 0.44 98.83 ± 0.51 98.91 ± 0.36 

Table 2. Breast cancer classification results (mean ± std ov er multiple runs).

Method Accuracy Precision Recall F1-score 
MobileNetV2 [16] 70.42 ± 7.79 68.07 ± 4.85 65.91 ± 5.67 65.99 ± 5. 1
EfficientNetV2 [17] 65.12 ± 3.49 64.79 ± 7.88 60.73 ± 5.78 59.89 ± 4. 69

Ismael et al. [7] 82.22 ± 3.10 80.51 ± 3.43 79.80 ± 4.49 80.08 ± 3. 95

Deepak et al. [6] 84.79 ± 0.93 83.63 ± 2.97 82.99 ± 1.32 82.93 ± 1. 40

Shahin et al. [8] 81.71 ± 3.94 76.96 ± 3.02 80.33 ± 3.16 78.05 ± 3. 01

Proposed 93.57 ± 0.69 90.92 ± 1.61 94.16 ± 1.55 92.52 ± 1.53 

As shown in Tables 1 and 2, the proposed model achieves 98.56% (brain) and 
93.57% (breast) mean accuracy, surpassing the prior method by 2.4 and 8.8% 
points respectively. On brain MRI, our model perfectly classifies meningioma, 
pituitary, and no tumor; only 5% of glioma samples are misclassified as menin-
gioma, a known clinical difficulty due to similar MRI appearance. On breast
USG, per-class accuracies are 100% (normal), 96.88% (malignant), and 90.91%
(benign); benign cases occasionally exhibit features similar to either malignant
or normal tissue.

The performance gain is because of the wavelet-domain learning: parame-
terizing kernels element-wise on DWT coefficients at every level lets the net-
work operate in a representation where high-frequency acquisition noise is spa-
tially separated from texture and edges, isolating the discriminative signal before
attention is applied.
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5 Conclusion 

We proposed a multiresolution fusion network combining wavelet-domain learn-
able kernels with self-attention for medical image classification, achieving 98.56% 
(brain MRI) and 93.57% (breast USG) accuracy. Both datasets are single-
institution; the strong results and absence of gain from heavy augmentation 
suggest these public benchmarks may not fully reflect real-world clinical vari-
ability. Future work includes federated learning across multi-institutional data, 
continuous wavelet transforms for finer-grained frequency analysis, and inter-
pretability mechanisms to support c linical adoption.
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Abstract. Virtual wards are increasingly used across the NHS and glob-
ally to provide hospital-level care at home for clinically stable patients, 
but triage between discharge and virtual ward admission is challenging, 
as poor decisions can lead to deterioration or readmission. Effective triage 
requires integrating multivariate, time-evolving clinical data, which is dif-
ficult with manual heuristics alone. While data-driven decision-support 
systems can help, they raise concerns about demographic fairness, espe-
cially with imbalanced data. This study presents a time-series binary 
classification framework for virtual ward triage using a Light Gradient 
Boosting Machine trained on multivariate temporal features, achieving 
strong performance (accuracy 0.858, AUC 0.939, F1 0.871, precision 
0.909, recall 0.835), with comparisons to other models. Initial results 
showed disparities across ethnic groups, prompting post-hoc fairness
adjustments that reduced the equal opportunity gap from 0.112 to 0.075
while maintaining overall performance. These adjustments increased sen-
sitivity for underrepresented groups with a modest rise in false positives,
representing a clinically acceptable, safety-focused trade-off. Overall, the
work demonstrates that fairness-aware time-series models can support
safer and more equitable virtual ward triage in real-world settings.

Keywords: Virtual ward · Clinical decision support · Machine 
learning in healthcare · Fairness-aware learning · Remote patien t
monitoring · Light Gradient Boosting Machine

1 Introduction 

Virtual wards [1] provide hospital-level care at home for clinically stable patients, 
helping reduce pressure on acute services while supporting early discharge and 
admission avoidance. Because patients remain under hospital oversight, deciding 
who is suitable for a virtual ward is a safety-critical triage task, poor decisions
can lead to unsafe discharges or readmissions [5]. 

c The Author(s), under exclusive license to Springer Nature Switzerland AG 2027 
P. Andreev et al. (Eds.): AIME 2026, LNAI 16749, pp. 187–192, 2027. 
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These triage decisions are complex, requiring clinicians to integrate diverse 
and changing patient data. In practice, decisions often rely on clinical judgement 
and simple scoring to ols, which may overlook trends and interactions, leading to
inconsistent outcomes [4]. 

Data-driven decision-support systems could improve this process by better 
analyzing complex patient information. However, using machine learning in this 
context raises concerns about fairness, as models trained on routine healthcare
data may inherit demographic biases and produce unequal outcomes [3]. 

To address this, the work proposes a fairness-aware, time-series machine 
learning framework that predicts, 24 h in advance, whether a patient should 
remain in a virtual ward or be discharged. Using NHS data, the approach aims to
improve safety, reduce readmissions, and ensure more equitable decision-making,
while acknowledging broader concerns about algorithmic bias in healthcare.

2 Methodology 

A time-series machine learning framework was developed for NHS virtual ward 
triage to predict 24 h in advance whether patients should be admitted or dis-
charged h ome, integrating model evaluation with fairness-aware learning. The
section outlines the methodology used.

2.1 Data Acquisition 

The study used anonymised data from about 7,000 patients at a Southeast Eng-
land hospital, including time-varying features (vital signs and lab results for 
time-series modelling) and static features (demographics such as age, sex, and
comorbidities), with categorical variables one-hot encoded for model use.

2.2 Model Training and Evaluation 

A Light Gradient Boosting Machine (LightGBM) classifier was used to predict, 
24 h in advance, whether patients should be admitted to a virtual ward or dis-
charged home, chosen for its strong performance on structured clinical data and 
ability to capture nonlinear relationships. The learning task is a binary classifi-
cation problem, with target labels 0 (home discharge) and 1 (virtual ward admis-
sion). Time-series physiological data collected 6 hourly were z-score normalised 
and converted into fixed-length feature vectors by flattening 10-step sequences 
per admission. Models were trained using an 80:20 admission-level split with
early stopping, and compared against XGBoost, logistic regression, and random
forest under consistent preprocessing, median imputation, and class imbalance
handling. Median imputation may not generalise across subgroups; future work
will use stratified or model-based imputation methods. Performance was evalu-
ated on a held-out test set.
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2.3 Fairness Analysis 

Post-hoc fairness analysis was conducted using the OxonFair framework [2]  to  
assess and mitigate demographic bias without retraining the LightGBM model. 
The model was wrapped in a Fair Predictor, enabling joint optimisation of accu-
racy and fairness constraints to reduce disparities across protected groups, such
as ethnicity, while preserving overall performance.

Fairness was evaluated on a held-out test set using accuracy, precision, 
recall, demographic parity(DP), equal opportunity gap (EO), equalized odds 
gap (ESO), and selection rate (SR) metrics, capturing disparities in overall pre-
dictions and outcomes conditional on true labels across groups. Despite class
imbalances, this approach supports both accurate and equitable triage decisions.

3 Results 

This section assesses the performance and fairness of a virtual ward triage model 
using patient data (demographics, labs, vitals, comorbidities), presenting classi-
fication metrics followed by an ethnic group fairness analysis (Table 1). 

Table 1. Performance of predicting virtual ward a dmission eligibility.

Model Accuracy ROC-AUC PR-AUC F1 Score Precision Recall Specificity Log L oss

LightGBM 0.8580 0.9390 0.9594 0.8705 0.9090 0.8352 0.8883 0.3032 
XGBoost 0.8530 0.9367 0.9571 0.8678 0.8895 0.8471 0.8607 0.3098 
Random Forest 0.8358 0.9198 0.9441 0.8458 0.9092 0.7907 0.8955 0.3939 
Logistic Regression 0.7545 0.8337 0.8645 0.7836 0.7866 0.7807 0.7197 0.5186 

The analysis compares four classification models. LightGBM performs best 
overall, achieving the highest accuracy (0.858), AUC (0.939), and F1 score 
(0.871), with strong balance between precision (0.909) and recall (0.835). 
XGBoost performs similarly, with accuracy of 0.853 and AUC of 0.937, and 
attains the highest recall (0.847) but slightly lower precision (0.889). Ran-
dom Forest achieves competitive accuracy (0.836) but shows greater imbalance 
between precision and recall, resulting in a lower F1 score (0.846). Logistic
Regression underperforms across all metrics, particularly AUC (0.834) and F1
score (0.784). Based on these results, LightGBM is selected for subsequent fair-
ness analysis due to its consistently superior performance.

After applying fairness constraints using the OxonFair framework (Table 2), 
the model shows a modest drop in accuracy (0.858 to 0.839) and precision (0.909 
to 0.860), with improved recall (0.835 to 0.859). The reweighting model instead 
slightly reduces accuracy (0.854) and recall (0.797), but improves demographic
parity (0.194 to 0.174), indicating more balanced predictions across groups. How-
ever, this comes with higher equal opportunity (0.112 to 0.178) and equalized
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Table 2. Comparison of original and f airness-adjusted models.

Model Accuracy Precision Recall DP EO ESO 
Original 0.8580 0.9090 0.8352 0.1943 0.1116 0.0908 
Adjusted (Reweighting) 0.8536 0.93823 0.7965 0.1744 0.1782 0.1085 
Oxonfair 0.8394 0.8600 0.8589 0.1953 0.0746 0.1437 

Table 3. True Positive and False Positive Rates across ethnic groups be fore and after
fairness adjustment.

Group Original Adjusted OxonFair 
TPR FPR TPR FPR TPR FPR 

Other 0.636364 0.063380 0.6000 0.0563 0.927273 0.338028 
White 0.849655 0.132850 0.8124 0.0772 0.851034 0.137681 
Asian 0.857143 0.085714 0.8571 0.0571 0.928571 0.085714 
Black 0.857143 0.000000 0.5714 0.000 1.000000 0.444444 

odds (0.091 to 0.109) gaps, reflecting increased error-rate disparity. Overall, fair-
ness methods produce differen t trade-offs depending on the objective

Table 3 reports ethnic group specific True Positive Rates (TPR) and False 
Positive Rates (FPR) before and after fairness adjustment. Fairness constraints 
adjust decision thresholds or weights, altering confusion matrix outcomes and 
derived metrics. After adjustment, TPR increases across groups (e.g., “Other” 
0.636 → 0.600 → 0.927; “Black” 0.857 → 0.571 → 1.0), indicating improved 
identification of patien ts requiring virtual ward care. FPR also changes (e.g.,
“Other” 0.063 → 0.056 → 0.338; “Black” 0 → 0 → 0.444), reflecting threshold
rebalancing, particularly due to small sample size in subgroups (Fig. 1(a)), while
remaining stable for Asian patients.

However, the reweighting model is less suitable clinically as it does not pri-
oritise virtual ward allocation effectively and increases error-rate imbalance. In 
contrast, OxonFair provides a be tter trade-off by improving recall and support-
ing safer triage decisions, making it preferable for this application.

Fig. 1. Model performance and dataset characteristics (a) Imbalance among different 
ethnic groups, (b) Ethnic group-wise confusion matrix.
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Figure 1 (b) summarises ethnic groupâĂŞspecific confusion metrics, show-
ing that fairness interventions improve equity in TPR and selection rate (SR) 
but increase false positives for some groups, highlighting inherent trade-offs in
fairness-constrained models (Table 4). 

Table 4. Ethnic group-wise SR comparison between the o riginal model and Oxonfair.

Model Asian Black Other White 
Oxonfair 0.367347 0.750000 0.522843 0.595259 
Original 0.285714 0.375000 0.177665 0.624232 

The LightGBM model demonstrates strong baseline performance, and fair-
ness constraints improve equity across ethnic groups with minimal accuracy 
loss. Post-adjustment changes in TP, FP, TN, and FN influence triage decisions: 
increased TP in minority groups (“Other” and “Black”) improves identification 
and admission of patients needing virtual ward care, enhancing equitable access. 
Higher FP rates particularly in these groups mean more patients are considered 
for virtual wards, prioritising caution and reducing unsafe discharge risk. FN 
decreases are greatest in the “Other” group (20 to 4), with smaller reductions
elsewhere, while TN changes further support a safer, more inclusive approach.
Overall, fairness interventions enhance access for minority groups while main-
taining patient safety, supporting more equitable and reliable triage decisions.

4 Conclusion 

This study shows the feasibility and value of a fairness-aware time-series decision-
support framework for NHS virtual ward triage. The LightGBM model achieved 
strong predictive performance, enabling accurate iden tification of patients who
may benefit from continued remote monitoring while reducing unsafe discharges.

Beyond accuracy, the study emphasises equitable performance in safety-
critical settings. Observed ethnic disparities led to post-hoc fairness optimisation, 
which improved access to virtual ward monitoring for underrepresented groups 
while maintaining overall model performance. This resulted in increased true 
positives a nd a modest rise in false positives, reflecting a clinically acceptable
trade-off that prioritises patient safety over premature discharge.

Future work will include external validation across healthcare settings, 
prospective evaluation of clinical impact, and ongoing monitoring of both per-
formance and fairness as services and patient populations evolve. 
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Abstract. Transfer learning (TL) is frequently proposed as the stan-
dard solution for predictive modeling in rare clinical cohorts where 
data is scarce. In this study, we investigate mortality prediction for 
patients under Veno-Venous Extracorporeal Membrane Oxygenation 
(VV-ECMO), a high-stakes but low-volume ICU subpopulation. We com-
pared models trained from scratch on a small ECMO cohort (n = 148) 
against models pre-trained on a large source population of mechanically 
ventilated patients (n =  5, 731). Contrary to prevailing assumptions, 
TL consistently failed to outperform simple models trained on target 
data only. Using SHAP-based feature importance analysis, we demon-
strate that this failure is rooted in a fundamental physiological shift: 
while mortality in standard respiratory failure is driven by metabolic 
and hemodynamic exhaustion, outcomes in ECMO patients depend pri-
marily on respiratory mechanics and oxygenation response. Furthermore, 
strong selection bias in ECMO candidacy neutralizes distinct predictors 
like age. Our results suggest that in specialized critical care, “more data” 
can introduce harmful noise if the underlying physiological signatures 
diverge (concept d rift).

Keywords: Transfer Learning · VV-ECMO · SHAP · Concept drift 

1 Introduction 

The integration of Artificial Intelligence (AI) into Intensive Care Units (ICU) 
has been largely fueled by the emergence of massive, multicenter Electronic
Health Records (EHR) [9]. However, due to the inherent data scarcity affecting 
niche cohorts, prognostic tools still rely heavily on traditional logistic regression 
scores derived from limited samples. This gap is particularly striking for patients 
under Veno-Venous Extracorporeal Membrane O xygenation (VV-ECMO), an
extracorporeal circuit providing blood oxygenation for severe respiratory failure
when lungs can no longer ensure gas exchange [6,8]. These patients represent
c The Author(s), under exclusive license to Springer Nature Switzerland AG 2027 
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an extreme phenotype of clinical complexity in the sense that the initiation of 
the extracorporeal circuit induces a “physiological decoupling” where established 
correlations b etween ventilator settings, blood gases, and clinical outcomes are
fundamentally altered [4]. 

Consequently, the potential of advanced machine learning, such as time-series 
analysis, remains under-explored in this setting despite its theoretical benefits
[7]. Transfer Learning (TL) offers a compelling solution, based on the premise 
that knowledge extracted from a sufficiently large and related s ource dataset can
be successfully adapted to a proximal, specialized target task [1]. 

In this study, we investigate whether proximity learning paradigms can bridge 
the performance gap for highly specialized ICU populations. By evaluating a 
representative panel of state-of-the-art AI architectures, we explore the efficiency 
of transfer learning in adapting knowledge from general mechanically ventilated
patients to the specific complexities of ECMO care.

2 Methods 

Data and Population. This retrospective study used EHR data from Toulouse 
University Hospital (2014–2024). We defined a Source Domain (DV , n = 
5, 731) of ventilated patients and a Target Domain (DE, n = 148) of VV-
ECMO patients. The observation window was the first 24 h following the i ni-
tiation of support (intubation for DV , ECMO initiation for DE). The primary
outcome was 28-day all-cause mortality.

Feature Engineering. A total of 19 input features were included: (1) Demo-
graphics: Age, sex; (2) Vital Signs: Heart rate, peripheral oxygen saturation 
(SpO2), temperature, and blood pressure (systolic, mean, diastolic); (3) Labora-
tory values: Lactate, pH, bicarbonate (HCO− 

3 ), partial pressure of arterial oxy-
gen (PaO2), partial pressure of arterial carbon dioxide (PaCO2), mixed venous 
oxygen saturation (SvO2), and capillary glucose; (4) Respiratory mechanics: 
Fraction of inspired oxygen (FiO2), Positive End Expiratory Pressure (PEEP), 
and plateau pressure; (5) Neurology : Patient consciousness based on nursing bed-
side assessments binarized as a boolean feature. We structured t hese features
into two distinct representations: (1) Aggregated Features, which encom-
pass the mean, standard deviation, minimum, and maximum of physiological
signals, alongside static variables, for traditional machine learning models; and
(2) Sequential Tensors (N,T, F ), specifically designed for Long Short-Term
Memory (LSTM) architectures.

Experimental Design. We compared RF [2], XGBoost [3], and LSTM [10] 
models using class weighting to manage imbalance. Following baseline valida-
tion on DV , three strategies were evaluated: (1) Direct Training on target data 
(2) Zero-Shot transfer, and (3) Fine-Tuning, implemented as warm-start tree 
addition (RF), leaf-value refresh (XGBoost), and shallow unfreezing of the last
LSTM layer plus classifier head. Performance (AUROC) was assessed across 100
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independent runs using a 70/30 stratified split. Feature importance was ana-
lyzed using SHAP values derived from RF models. Full code, fine-tuning hyper-
parameters, and extended cohort statistics are available at https://github.com/ 
mpoette/transfer_ecmo to ensure reproducibilit y.

3 Results 

Patient Characteristics. Despite similar severity scores (SAPS II), the pop-
ulations diverge on some aspects (Table 1) : the ECMO cohort is younger (52.5 
vs 58.6 years) and exhibits more severe respiratory failure (higher PEEP/FiO2 )
but greater hemodynamic stability (lower Lactate).

Table 1. Main Patient Characteristics. Data represent mean ± SD or counts (%). 

Variable Ventilation (n =  5, 731 ) VV-ECMO (n = 148) 

Age (years) 58.6 ± 16.3 52.5 ± 13.1 
SAPS II Probability 0.60 ± 0.30 0.60 ± 0.30 
In-hospital Mortality 1,325 (23.1%) 25 (16.9%) 
Lactate (mmol/L) 2.5 ± 2.1 1.9 ± 1.6 
FiO2 (%) 45.4 ± 15.0 56.2 ± 17.8 
PEEP (cmH2O) 6.8 ± 2.5 11.5 ± 3.8 

Performance. TL provided no benefit (Table 2). Indeed, best AUROC on 
ECMO was achieved by models trained from scratch (RF: 0.67 ± 0.07,  LSTM:  
0 .67± 0.09). Fine-tuning failed to surpass these baselines.

Table 2. AUROC Performance (100 seeds). Best results on Target Dataset (DE) 
by model in bold. 

Model Source (DV ) Target Performance (DE) 

Baseline Direct Zero-Shot Fine-Tuning 
XGBoost 0.75 ± 0.01 0.63 ± 0.08 0.59 ± 0.08 0.61 ± 0.11 
Random Forest 0.74 ± 0.01 0.67 ± 0.07 0.60 ± 0.09 0.67 ± 0.07 
LSTM 0.75 ± 0.01 0.67 ± 0.09 0.63 ± 1.10 0.66 ± 0.10 

Feature Shift. SHAP analysis was conducted on the RF models, as they demon-
strated superior predictive performance among non-deep learning algorithms. 
This analysis revealed a negligible rank correlation (ρ =  0.095) between feature
importance in the source and target datasets. The respective feature rankings

https://github.com/mpoette/transfer_ecmo
https://github.com/mpoette/transfer_ecmo
https://github.com/mpoette/transfer_ecmo
https://github.com/mpoette/transfer_ecmo
https://github.com/mpoette/transfer_ecmo
https://github.com/mpoette/transfer_ecmo
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are illustrated in Fig. 1. In the source population, mortality prediction is primar-
ily driven by metabolic markers (Lactate, Rank 1; HCO− 

3 , Rank 2). Conversely, 
respiratory mechanics dominate the ECMO cohort (FiO2,  Rank  1;  SpO2,  Rank  
2). Notably, some traditional predictors l ose their prognostic value in the spe-
cialized cohort; for instance, Age drops from Rank 5 in the source population to
Rank 18 in the ECMO group.

Fig. 1. Feature importance shift between source and target populations. 
SHAP-based feature importance comparing Random Forest models trained on mechan-
ically ventilated patients (blue, n = 5,731) versus VV-ECMO patients (red, n = 148). 
Importance values represent the sum of mean absolute SHAP values across temporal 
aggregates (mean, SD, min, max) for each physiological variable. 

4 Discussion and Conclusion 

In our study, transfer learning (TL) failed to improve mortality prediction for 
VV-ECMO patients despite a clinically proximal source. While constrained by 
the small target cohort, these results highlight a gap between clinical proxim-
ity and statistical similarity. The initiation of an extracorporeal circuit induces
a “physiological decoupling”: the mortality signal shifts from metabolic exhaus-
tion in standard respiratory failure to respiratory mechanics and oxygenation
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response in ECMO. This concept drift [5] suggests that “more data” can intro-
duce harmful noise when physiological signatures diverge. Compounding this, 
selection bias in ECMO candidacy homogenizes the cohort, neutralizing predic-
tors such as age. For rare ICU subpopulations, small d omain-specific models
currently outperform large pre-trained architectures, underscoring the need for
AI methodologies dedicated to rare clinical conditions [11]. 
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Abstract. Laboratory tests in electronic health records are collected 
irregularly, and the absence of a test order can be as informative as the 
measurement itself. Such missingness reflects clinicians’ decisions and 
patient physiology, making it important to model it directly rather than 
treat it as a preprocessing artifact. Here we present a diffusion-based 
approach for generating clinical time series that jointly models labora-
tory values and their observation patterns using the public Data Analyt-
ics Challenge on Missing data Imputation (DACMI) benchmark derived 
from MIMIC-III. To preserve realistic sampling, we align chart times into 
4-hour intervals and segment admissions into 7-day windows, producing 
trajectories that pair each lab value with a corresponding observation 
indicator. Standard transformations and normalization are applied to 
stabilize training. Our method extends the TimeDiff framework to learn 
continuous lab values and discrete missingness patterns through com-
plementary diffusion objectives. Experiments show that the generated 
data closely match real patient trajectories across individual lab distri-
butions and joint value-missingness embeddings, demonstrating that dif-
fusion models can capture clinically meaningful dependencies between
patient physiology and clinicians’ testing behavior under MNAR-like
(missing-not-at-random) missingness. These preliminary results indicate
that our model can serve as an initial component toward developing clin-
ical foundation models. By producing synthetic priors that preserve key
physiology–missingness relationships, this work motivates the subsequent
training of Prior-Data Fitted Networks capable of leveraging informative
missingness, which we will investigate in the extended work.

Keywords: Clinical time series · Diffusion models · Informative 
missingness · Synthetic EHR generation

1 Background 

Electronic health records (EHRs) record irregular sequences of measurements 
shaped by physiology, patient behavior, and clinical decisions [8]. As an exam-
ple, labs are rarely collected on a fixed s chedule, and the absence of testing
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can itself reflect severity or clinical intent. Prior work shows that lab missing-
ness is often informative rather than random and can differ across sites and care
settings [6,10]. For generative modeling, this means that producing realistic syn-
thetic lab trajectories requires matching not only lab values, but also when tests 
occur, how they appear in bursts, and how sampling relates to the underlying 
values. Many clinical time-series pipelines handle missingness mainly through
imputation, aiming to densify sparse records before modeling [3,4]. The DACMI 
challenge [5], built from MIMIC-III [2], offers a public benchmark for imputa-
tion methods with ground truth for 13 common blood labs. However, success on 
imputation benchmarks does not necessarily show that a generator captures the 
joint process of values and observations under real EHR sampling. This is most 
critical in the Missing-Not-At-Random (MNAR) setting, w here whether a lab
is measured depends on unobserved or partially observed clinical state, making
missingness tightly coupled to the data-generating mechanism. Diffusion models
are state-of-the-art option for time-series generation [1,9]. TimeDiff [7]  is  among  
the first diffusion approaches tailored to EHR sequences and supports mixed 
continuous and binary variables. Still, much prior evaluation focuses on near-
regular signals (e.g., vitals) and reports missingness mainly through marginal 
rates, leaving open whether mo dels reproduce irregular lab sampling bursts and
their coupling with values—an issue that can persist even when univariate dis-
tributions look correct.

Contributions. We present a generative framework designed as the preliminary 
step for developing clinical foundation models, providing high-fidelity s ynthetic
priors required to train Prior-Data Fitted Networks [12]. Our contributions are: 
(i) A diffusion-based synthetic lab generation pipeline on a public benchmark 
that targets irregular labs and informative missingness, generating both lab val-
ues and their observation indicators j ointly to support downstream inference.
(ii) We modify the numerical (Gaussian) loss in TimeDiff [7] to exclude truly 
missing lab values, treating missingness as absence rather than noisy values. 
(iii) We present a practical preprocessing and windowing protocol designed to 
preserve MNAR-like structure while remaining compatible with diffusion train-
ing. (iv) We evaluate distributional similarity using univariate lab distributions, 
joint e mbeddings over values and masks, and additional similarity metrics for
model selection to assess realism in both physiology and sampling behavior.

2 Materials and Methods 

Dataset. We used the publicly available DACMI imputation challenge dataset
[5], derived from MIMIC-III, which provides a standardized train/test split 
designed for fair comparison of methods on sparse clinical time series. From 
each admission, we extracted 13 laboratory variables and constructed a corre-
sponding missingness mask directly from the raw tables, where each lab at each
time step is marked as observed (0) or missing (1). This yields a paired repre-
sentation of physiology (continuous lab values) and sampling behavior (binary
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indicators) that is suitable for studying informative missingness, especially in 
the MNAR-like regime where ordering and frequency of tests reflect clinical 
decisions. Mo dels development and selection are based on the DACMI training
split.

Setup and Preprocessing. We discretized charttime (minutes since admis-
sion) into 4-hour intervals to minimize artificial missingness, creating 42-step 
windows (7 d). Admissions exceeding this horizon were segmented into con-
secutive non-overlapping windows, yielding 16,580 training samples from 8,267 
admissions. To approximate Gaussianity, features underwent log or Box-Cox 
transformations followed by z-score standardization. The model input consists 
of 26 channels (13 standardized values and 13 binary masks). In addition to 
the values and binary mask trajectories, we used delta conditioning to encode 
observation recency. The delta conditioning provides an auxiliary conditioning 
tensor to the denoising network at each diffusion step. Therefore, the model still 
generates only the lab values and mask variables, but is guided by this extra 
context during denoising. For each lab and time index, the delta value r epre-
sents the number of steps since the most recent observation. Specifically, at each
time index, we computed the number of time steps that must be traversed back-
ward from the current position to reach the latest time point at which the lab
is observed (mask = 0). This yields a (42, 13) matrix per window, normalized to
[0, 1) by division by 42.

Experimental Setup and Sampling. We trained the model for 200,000 steps 
using the Adam optimizer (learning rate 8 × 10−5, batch size 64). To balance 
our two objectives, we applied a weight of λ =  10  −5 to the discrete missingness
loss relative to the continuous value loss, adopting the notation from TimeD-
iff [7]. For evaluation, we generated 16,000 synthetic windows (42 steps × 26 
channels) by iteratively denoising random noise. This sample size matches the 
real dataset, allowing us to compare the synthetic distributions and observation
patterns against the ground truth.

3 Results and Discussions 

Figure 1, panels A–B compare real and synthetic univariate distributions for two 
representative labs with different shapes. Hemoglobin (A) is fairly concentrated 
with a mild right tail, and the synthetic density closely matches the real his-
togram around the main mode and across the upper tail. White Blood Cells 
count (B) is markedly more right-skewed with a long tail driven by occasional
high values; despite this more challenging setting, the synthetic samples follow
the real distribution well in the high-density region and preserve the overall tail
profile.

Figure 1 panel C compares the overall distribution of real data with the syn-
thetic ones. The embedding was computed using UMAP with a DTW-based dis-
tance metric, for all the 26 channels (13 values and 13 masks). The substantial
overlap between the two distributions indicates that the generative approach



Informative Missingness to Generate Irregular Clinical Time Series 201

produces high-quality synthetic samples, without generating instances outside 
the s upport of the real data.

Table 1. Per-feature comparison across 13 labs values: missingness prevalence (mask= 
1), univariate EMD on lab-value marginals, and DTW trajectory distance.

Missingness prevalence EMD (univariate) DTW (traj ectory)
Lab Real Synth w/ Δ Synth w/o Δ R–R R–S 

w/ Δ
R–S 
w/o Δ

R–R R–S 
w/ Δ

R–S 
w/o Δ

Chloride 0.78 0.72 0.74 0.06 0.09 0.11 37.71 37.63 38.09 
Potassium 0.78 0.72 0.74 0.03 0.06 0.09 38.44 38.27 38.48 
Bicarb 0.78 0.72 0.74 0.07 0.14 0.14 37.90 37.80 38.13 
Sodium 0.78 0.72 0.74 0.05 0.12 0.09 37.91 37.77 38.20 
Hematocrit 0.80 0.75 0.77 0.06 0.06 0.03 38.34 38.83 38.82 
Hemoglobin 0.81 0.76 0.78 0.02 0.11 0.07 38.42 38.97 39.00 
MCV 0.81 0.76 0.78 0.03 0.16 0.20 37.73 38.00 38.12 
Platelets 0.81 0.76 0.77 0.08 0.20 0.24 37.72 37.62 37.83 
WBC coun t 0.81 0.76 0.77 0.08 0.07 0.08 37.88 38.01 38.15 
RDW 0.81 0.76 0.78 0.04 0.09 0.13 37.53 37.53 37.88 
BUN 0.78 0.72 0.74 0.08 0.10 0.15 36.41 36.70 37.10 
Creatinine 0.78 0.72 0.74 0.02 0.06 0.08 35.99 35.87 36.40 
Glucose 0.78 0.72 0.74 0.03 0.07 0.04 37.51 37.43 37.72 
Mean 0.79 0.74 0.76 0.05 0.10 0.11 37.65 37.72 37.99 

Table 1 summarizes per-feature realism across the 13 lab variables. It reports 
(i) missingness prevalence (fraction of time points with mask=  1) in real windows 
and in s ynthetic windows generated with and without delta conditioning, (ii)
univariate Earth Mover’s Distance (EMD) [11] between lab-value marginals using 
Real–Real as a same-domain reference and Real–Synthetic for each generator, 
and (iii) Dynamic Time Warping (DTW) trajectory distances computed per 
feature on a random subsample of N = 100 windows. Both EMD and DTW 
are c omputed in a missingness-aware manner by restricting comparisons to time
points marked as observed according to the real or generated masks.

Overall, delta conditioning yields slightly better agreement with the real data: 
the mean EMD and DTW are lower than the corresponding no-conditioning set-
ting and closer to the Real–Real reference. In contrast, the synthetic missing-
ness prevalence is consistently below the observed prevalence, suggesting that 
the model still underestimates the frequency of unobserved measurements and 
that the missingness generation process could be improved. Finally, we note that 
these results should be interpreted as preliminary evidence that the model cap-
tures important aspects of the coupled physiology–sampling process, rather than
as a complete validation of downstream clinical utility. In the extended work,
we evaluate how the resulting synthetic data can be used to train Prior-Data
Fitted Networks for imputation and forecasting under distribution shifts, while
explicitly leveraging informative missingness.
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Fig. 1. Real vs. synthetic comparisons: (A) Hemoglobin and (B) White Blood Cells 
count univariate densities; (C) UMAP embedding of windows using all 26 channels (labs 
+ m asks), computed on a random subsample of 500 real and 500 synthetic windows.

4 Conclusions 

This preliminary work shows how TimeDiff can be adapted to generate labo-
ratory trajectories while jointly modeling informative missingness on a public 
MIMIC–III–derived benchmark. With practical preprocessing, the model pro-
duces synthetic windows that closely match real data in marginal lab distribu-
tions and in the joint structure of values and missingness masks. Our results 
suggest that diffusion models are a promising foundation for realistic synthetic 
lab generation under MNAR-like missingness, and they m otivate future work
that leverages the learned generative prior for downstream inference and fore-
casting in foundation models.
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Abstract. Hospital readmissions are a major burden on healthcare sys-
tems and result from complex interactions among heterogeneous clini-
cal factors. While machine learning can model such interactions, inter-
pretability is essential for clinical use. We propose a logic-guided learn-
ing framework for readmission prediction based on Logic Tensor Net-
works (LTN), integrating first-order logical rules into supervised learn-
ing using Italian administrative healthcare data. The rules encode clin-
ically motivated relationships among chronic conditions, prior utiliza-
tion, and patient stability. T raining combines classification loss with rule-
satisfaction constraints, enabling interpretable predicate representations.
Results across cross-validation runs show competitive performance com-
pared to baseline models, while the learned predicates provide clinically
meaningful and interpretable structure for readmission risk.

Keywords: Hospital readmission · Administrative healthcare data · 
Neuro-sym bolic AI · Explainability

1 Introduction 

A hospital readmission is a new admission within a fixed period (commonly 30 
days) after discharge and is widely used as a quality indicator due to its asso-
ciation with worse patient outcomes, higher costs, and financial penalties. In 
Italy, the National Health Service provides universal coverage through a regional 
structure; how ever, reductions in inpatient capacity have not been matched by
equivalent strengthening of community care, despite an ageing population and
rising chronic disease burden [5]. This study focuses on 30-day readmissions for 
heart failure (HF), ischemic h eart disease (IHD), chronic obstructive pulmonary

GitHub: https://github.com/IDA-FBK/Hospital-Readmission-Prediction. 
c The Author(s), under exclusive license to Springer Nature Switzerland AG 2027 
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disease (COPD), pneumonia (PNA), and stroke (S), using pseudo-anon ymized
Italian administrative data [1]. Readmission prediction has been studied using 
statistical and machine learning methods, often relying on interpretable mod-
els such as logistic regression and decision trees, but these approaches struggle 
to integrate structured clinical knowledge while remaining interpretable. Neuro-
symbolic AI addresses this by combining neural learning with symbolic reason-
ing. Logic Tensor Networks (LTN) [3,6] allow first-order logic constraints to be 
embedded in learning and have been applied to event recognition [4], energy 
prediction [2], and diabetes prediction [13]. We extend LTN-based logic-guided 
learning to readmission prediction by encoding clinically motivated relationships 
between chronic conditions, prior hospitalizations, and patient stability as logi-
cal constraints within supervised learning. This promotes knowledge-consistent 
predictions while preserving neural flexibility. Results show competitive perfor-
mance with standard baselines and improved interpretability through clinically
meaningful predicate structures.

2 Dataset 
2.1 Data Source and Cohort Construction 

This study used publicly available administrative healthcare records collected 
between Jan 2019 and Apr 2024 by a local healthcare authority in Piedmont,
including hospital discharge records, outpatient, emergency and medication
data [1]. Patients with HF, IHD, and COPD were identified following Gini [9], 
while PNA and S were identified using Cascini [7]  and  Hyeraci [10], based on ICD-
9-CM codes and medication prescriptions. We constructed a hospitalization-level 
dataset of all inpatient admissions for eligible patients between Jan 2019 and Apr 
2024. Episodes were preprocessed to merge overlapping or consecutive stays and 
ensure completeness. Each admission was treated as a potential index stay eligi-
ble for 30-day follow-up. We excluded hospitalizations ending after Mar 1, 2024 to 
ensure complete follow-up, as well as cases lacking ≥ 12 months of prior history or 
post-discharge records. Additional exclusions included day-hospital admissions, 
non-relevant departments (e.g., internal medicine, cardiology, pulmonology, neu-
rology), and hospitalizations without target conditions. The outcome was defined 
as a binary indicator of all-cause readmission within 30 days of discharge. The
final cohort included 5,590 hospitalizations from 3,678 patients: HF (1,010), IHD
(1,675), COPD (598), PNA (1,234), and S (291). The overall readmission rate
was 7.71% (hospitalization-level) and 9.41% (patient-level), with the highest
rates for HF (10.17%; 12.97%) and lowest for PNA (7.00%; 7.94%), with inter-
mediate values for IHD, COPD, and S. These results are broadly consistent with
prior Italian studies: S and IHD align with [12], while HF and PNA are slightly 
lower than [14], likely due to cohort and data differences.

2.2 Features Selection 

We characterized clinical complexity and prior healthcare utilization using 
literature-informed features derived from data available up to the end of the
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index hospitalization. Multimorbidity is a known predictor of readmission in
Italian cohorts [15]. Comorbidity burden was measured as the number of Charl-
son conditions identified from ICD-9 codes in the preceding 12 months (median 
1, IQR 0–2). Medication burden at discharge was defined as the number of dis-
tinct ATC-coded drugs (median 0 , IQR 0–5), excluding vitamins, minerals, and
dermatological agents, in line with evidence linking polypharmacy to readmis-
sion risk in older populations [8]. Prior healthcare utilization was captured via 
the number acute inpatient admissions in the previous 12 months (median 0, 
IQR 0–1) and emergency department visits in the 30 days before admission
(median 0, IQR 0–1) [12]. Additional binary indicators included antidiabetic, 
antihypertensive, and diuretic use, as well as prior hospitalizations for renal 
disease, S, and coronary heart disease. Index admissions occurred mainly in gen-
eral medicine (41.68%) and cardiovascular (37.6%), followed by rehabilitation 
and frailty (9.64%), neurovascular (3.43%), high-acuity care (3.26%), renal and
metabolic (2.08%) and other (2.31%). Length of stay was excluded due to incon-
sistent evidence regarding its association with readmission risk [8]. 

3 LTN for Hospital Readmission Prediction 

Clinically motivated risk factors for hospital readmission were encoded using 
atomic and composite predicates. Atomic predicates represent individual clinical 
attributes, including diagnoses, medication exposure, and prior healthcare uti-
lization, defined as either binary indicators ( e.g., disease presence) or fuzzy vari-
ables (e.g., comorbidity and medication burden), with thresholds learned within
the LTN framework (Sect. 4). Composite predicates capture higher-level risk pro-
files such as low recent healthcare utilization, clinical stability, cardiopulmonary 
disease, and cardiometabolic risk, and are used to structure clinically informed 
relationships for learning. Risk-reducing (RR) rules encode protective pat-
terns, e.g., a stable profile with low comorbidity, low medication burden, and no 
recent utilization implies reduced risk, StableProfile(x) →  ¬Readmit(x). Risk-
enhancing (RE) rules capture established risk patterns, such as multiple prior 
admissions, PriorInpatient≥2(x) → Readmit(x), high comorbidity with recent 
emergency visits, HighComorb(x) ∧ PriorED≥1(x) → Readmit( x), or heart fail-
ure with high medication burden, HF(x)∧HighMeds(x) → Readmit(x). Consis-
tency constraints (CC) enforce logical coherence, ensuring mutual exclusivity
between burden levels, HighMeds(x) → ¬LowMeds(x) and HighComorb(x) →
¬LowComorb(x).

4 Experimental Setting 

The dataset was split at the patient level into training (80%) and test (20%) 
sets, stratified by the presence of at least one 30-day readmission. The train-
ing set included 2,941 patients (H: 4,471 hospitalizations), and the test set 737
patients (H: 1,119 hospitalizations). Decision thresholds were selected via 5-
fold cross-validation on the training set, optimizing F1-score under a minimum
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recall constraint of 0.60. Final evaluation was performed on a held-out test set, 
averaged over five random seeds. LTN predicates use thresholded clinical fea-
tures calibrated via grid search over clinically meaningful ranges under the same 
recall constraint. Configurations with degenerate or uninformative predicates 
were excluded based on rule-antecedent prevalence. The final stable setting used 
τ high med =  4, τ low 

med =  2, τ high com =  2, τ low 
com =  0, k =  2  for PriorInpatient≥k,  and  

m =  1  for PriorED≥m. We jointly optimize a supervised loss and logic reg-
ularization, L = Lsup + βLlogic. A neural network baseline (NN) is obtained 
by setting β =  0  while keeping architecture, preprocessing, optimizer (Adam), 
learning rate (10−3), batch size, and early stopping fixed. The logic weight β 
was tuned in [0 , 0.3] via cross-validation under the same recall constraint. Can-
didates were pre-screened with short runs and fully trained for 60 epochs with
early stopping (patience = 6, Δ = 5 × 10−4), using a linear warm-up over the
first 10 epochs. The final value β = 0.30 was selected based on PR-AUC across
five seeds. We compare against logistic regression (LR), random forest (RF),
and multilayer perceptron (MLP) [11], using identical feature sets from admin-
istrative data. Performance is evaluated on the held-out test set u sing accuracy,
precision, recall, F1-score, ROC-AUC, and PR-AUC.

5 Results 

Table 1 reports predictive performance for 30-day hospital readmission. The 
logic-guided LTN achieves the best overall trade-off, outperforming the NN base-
line and other models in F1-score (0.198) and precision (0.117), while maintain-
ing competitive recall (0.651). RF yields the highest recall (0.702) but with 
substantially lower precision, reflecting a higher false positive rate. Overall, the 
LTN shifts the operating point toward better balance between precision and
recall. AUC-ROC is comparable between LTN and NN (0.678 vs. 0.679), indi-
cating similar ranking ability, while PR-AUC is slightly higher for LTN (0.145),
consistent with improved performance under class imbalance.

Table 1. Predictive performance on 30-day readmission (mean ± std).

Model Acc Prec Rec F1 AUC-ROC PR-AUC 
LTN 0.612±0.024 0.117±0.004 0.651±0.023 0.198±0.005 0.678±0.006 0.145±0.005 
NN 0.605±0.030 0.114±0.006 0.641±0.024 0.193±0.008 0.679±0.006 0.144±0.004 
MLP 0.594±0.023 0.109±0.009 0.634±0.059 0.186±0.015 0.659±0.037 0.133±0.015 
LR 0.594±0.006 0.105±0.002 0.605±0.021 0.179±0.004 0.652±0.008 0.130±0.003 
RF 0.503±0.028 0.098±0.005 0.702±0.017 0.172±0.008 0.650±0.002 0.140±0.006 

From an interpretability perspective, learned logical constraints are largely 
consistent with observed data. CC are almost perfectly satisfied with negligible
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violations. RE rules based on prior admissions, emergency visits, and comor-
bidity burden show high satisfaction (> 0.90), confirming recent healthcare 
utilization as a strong risk signal. HFâĂŞrelated rules exhibit similarly stable 
behavior across comorbidity, medication burden, and cardiometabolic interac-
tions. The most frequently activated rule, involving cardiopulmonary patients 
with low burden but recent emergency use, shows l ower satisfaction and higher
violation rates, suggesting greater clinical heterogeneity in this subgroup. In con-
trast, the risk-reducing rule is less frequently triggered but strongly associated
with non-readmission, consistent with its protective role.

6 Conclusions 

Predicting hospital readmission is challenging due to heterogeneous factors and 
class imbalance. The proposed approach achieves performance comparable to 
administrative-data models, with F1-score and PR-AUC within reported ranges, 
while providing an interpretable representation of clinical knowledge. Atomic and 
composite predicates encode clinically meaningful factors (e.g., multimorbidity 
and cardiopulmonary disease), enabling transparent mapping from inputs to risk. 
Limitations include the absence of sociodemographic variables and the lack of 
distinction between planned and unplanned readmissions, partially mitigated by 
restricting to ordinary inpatient stays. Generalizability may be constrained by 
single-region data and the absence of clinical measurements. Predicate thresh-
olds were clinically plausible and robust, while logical rules are heuristic and
literature-driven, requiring clinician validation. Overall, the framework balances
competitive performance with interpretability. Future work will focus on external
validation, temporal modeling, and clinician-in-the-loop refinement.

Disclosure of Interests. The authors have no competing i nterests to declare.
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Abstract. Multimodal healthcare data often have small population 
sizes and are imbalanced both within modalities (class imbalance) 
and across modalities (dimensionality imbalance), leading to biased 
fusion where minority classes are underrepresented and high-dimensional 
modalities dominate. We propose a Generative Adversarial Network 
(GAN) with a differentiable component based on Dempster-Shafer The-
ory (DST). Our DST-GAN is a DST-based multimodal generative frame-
work that fuses modalities to form an equitable joint representation 
and generates h igh-quality unimodal samples from it. On five real-world
datasets, DST-GAN improves unimodal and multimodal fusion classifica-
tion over four strong baselines, demonstrating more balanced modality
contributions as well as better and more reliable downstream perfor-
mance.

Keywords: Multimodal · Oversampling · Data F usion · Uncertainty

1 Introduction 

We address two key challenges in small-sample biomedical datasets: (1) intra-
modality class imbalance, w here minority disease samples are underrepre-
sented [1]; and (2) inter-modality dimensionality imbalance, where high-
dimensional data dominates fused representations [2]. Clinical data typically has 
far fewer features than imaging or omics data, making truly multimodal fusion
difficult. Standard oversampling [3] fails due to synthetic modalit y misalignment
[4], missing modalities, and cross-modal structural differences [5]. We propose a 
DST-based oversampling uncertainty framework for equitable multimodal fusion 
that preserves cross-modal correlations and prevents low-dimensional (e.g., clin-
ical) modalities from being overshadowed. Our contributions are: DST-guided
c The Author(s), under exclusive license to Springer Nature Switzerland AG 2027 
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multimodal fusion - DST-based reweighting to prevent high-dimensional dom-
inance; Uncertainty-aware generation - generating high-fidelity unimodal 
samples from the learned joint representation.

2 Related Work 

To address intra-modality class imbalance, deep generative method s (DGMs)
such as GANs [6] can oversample a class-imbalanced dataset. While GANs gen-
erate high-fidelity unimodal synthetic samples, they struggle in the multimodal 
setting due to inter-modality dimensionality imbalance. Multimodal classifiers
can be used instead. Notable examples include MMPareto [2], which adjusts 
fusion and unimodal gradients via Pareto optimization; ReconBoost [7], which 
disentangles modality-specific gradients; and methods that re-balance modal-
ity contributions during training [8]. Multimodal data fusion can be used to 
address inter-modality dimensionality imbalance and is typically subdivided into 
early (concatenation), intermediate (encode then fuse), or late (aggregate predic-
tions) fusion. Uncertainty modeling, such as Embracing Aleatoric Fusion (EAU)
[4] weights modalities by their estimated noise, down-weighting unreliable ones 
while prioritizing less noisy signals. However, this approach relies on Bay esian
fusion, which requires fixed priors and can be computationally heavy.

3 Methods 

3.1 Preliminaries 

To enable robust multimodal fusion under class-imbalanced modalities, we adopt 
a differentiable DST. It represents aleatoric uncertainty across modalities, ensur-
ing all modalities contribute to fusion without fixed priors [9]. Our implementa-
tion assigns each modality a Wasserstein distance (real vs. synthetic distribution; 
smaller distance = lower uncertain ty). Dempster’s rule fuses these distances, and
the pignistic transform [9] produces weights that down-weight uncertain or con-
flicting m odalities, preventing high-dimensional dominance.

3.2 Architecture Ove rview

DST-GAN applies DST in both the generator and discriminator of a GAN: 
the generator fuses modality encodings into an equitable joint representation 
F̂ via cross-attention and a DST fusion layer, while the adversarially trained 
discriminator uses DST fusion to re-weight modality-specific Wasserstein-based
losses. The entire architecture is illustrated in Fig. 1. 

Generator: Cross-Attention and DST Fusion. We compute modality-wise 
cross-attention using the lowest-dimensional modality as reference to reduce 
complexity. Wasserstein distances Wi between each latent encoding and its cross-
attended version are mapped to DST masses mi and fused via Dempster’s rule,
then projected back to the input dimensionality. The generators objective is
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Fig. 1. DST-GAN architecture with DST fusion, cross-attention, and a diffusion-
inspired discriminator.

the Wasserstein distance between synthetic F̂ and real concatenated features: 
LG = W ˆ F , concat(M1, . . . ,MN ) .

Discriminator: Diffusion-Inspired. Our discriminator injects 
modality-specific noise(uniform vs. Gaussian) to stabilize training. It includes 
a head per modality. The synthetic unimodal Wasserstein distances are aggre-
gated via DST fusion to reduce conflicting evidence. As in the generator loss, 
each unimodal representation’s Wasserstein distance is comb ined via DST fusion,
supporting lower epistemic (model) uncertainty:
LD = DSTFusion(W (M̂1,M1), . . . ,W (M̂N ,MN )).

4 Results 

4.1 Datasets 

We include five real-world datasets (four biomedical, one human activity recog-
nition(HAR)). Each biomedical dataset contains at least two of Clinical(C), 
Radiomics(R) or Genomics(G) modalities. Our biomedical datasets are listed 
as Dataset Name (Number of Samples, Modality/Number of Features, class 
im balance): Prostate-FASTMAN (184,C/6,R/154,G/417 DEGs; 0.10), Prostate-
PRAD (328, C/38, G/650 DEGS; 0.18), Breast-BCBM (91, R/80, G/220 DEGS;
0.03), Breast-BRCA (453,C/9,G/164;0.49). HAR-MEx contains 30 subjects,
∼6300 points [10] with three modalities, Accelerometer on thigh and wrist (ACT 
and ACW) and pressure mat(PM) with180 features each and a class imbalance 
of 0.18. All data sets exhibit intra-modality class imbalance. HAR-MEx isolates 
this effect without dimensionality imbalance (equal feature dimensions); Breast-
BRCA tests the converse (mild class imbalance with dimension disparity).

4.2 Experimental Settings 

To mitigate optimistic evaluation, we use patient-level leave-one-out cross-
validation (LOOCV) and external validation on Prostate datasets with similar 
modalities. We report F 1 (precision-recall trade-off under imbalance) and the
Matthews correlation coefficient (MCC; class separability from the full confusion
matrix).
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Evaluation of Synthetic Data Quality. We compute multiple complementary 
metrics of synthetic data quality: Wasserstein distance for distributional fidelity; 
average Manhattan distance between samples before and after oversampling for
realism; and Cross-Correlation Analysis (CCA) for multimodal alignment.

Table 1. Biomedical Classification Results with early fusion (EF), EAU Fusion, 
MMPareto, ReconBoost, and DST-GAN. Scores in bold illustrate the best-performing
model for each modality combination.

Dataset Input Output EF-GAN 
EAU-GAN 

(2024) 
MMPareto 

(2024) 
ReconBoost 

(2024) 
DST-GAN 

F1 MCC F1 MCC F1 MCC F1 MCC F1 MCC 

Prostate-Fastman R+G R 0.90 0.83 0.98 0.97 0.00 0.00 0.47 0.00 0.98 0.97 
G 0.98 0.97 0.98 0.97 0.00 0.00 0.08 0.00 0.98 0.97 
F 0.98 0.97 0.98 0.97 0.05 -0.62 0.40 0.04 0.98 0.97 

C+G C 0.22 -0.003 0.26 0.15 0.08 0.00 0.47 0.00 0.86 0.76 
G 0.97 0.94 0.97 0.94 0.47 0.00 0.08 0.00 0.98 0.97 
F 0.94 0.89 0.95 0.91 0.05 -0.62 0.45 0.12 0.98 0.97 

C+R C 0.00 0.00 0.26 0.15 0.00 0.00 0.47 0.00 0.85 0.72 
R 0.97 0.94 0.97 0.94 0.47 -0.04 0.08 0.00 0.98 0.97 
F 0.97 0.94 0.97 0.94 0.46 -0.07 0.38 -0.01 0.98 0.97 

C+R+G C 0.18 -0.02 0.21 0.11 0.23 -0.26 0.08 0.00 0.87 0.77 
R 0.97 0.94 0.97 0.94 0.47 0.00 0.08 0.00 0.98 0.97 
G 0.97 0.94 0.97 0.94 0.47 0.00 0.47 0.00 0.98 0.97 
F 0.97 0.94 0.97 0.94 0.46 -0.05 0.42 0.11 0.98 0.97 

Prostate-PRAD C+G C 0.84 0.74 0.69 0.52 0.45 -0.06 0.45 0.00 0.75 0.59 
G 1.00 1.00 0.74 0.57 0.42 -0.14 0.13 0.00 0.85 0.74 
F 1.00 1.00 0.68 0.48 0.45 -0.06 0.43 0.002 0.95 0.90 

Breast-BCBM R+G R 0.24 0.10 0.88 0.49 0.00 0.00 0.49 0.06 1 1  
G 1 1 0.48 -0.01 0.00 0.00 0.48 -0.01 1 1  
F 0.93 0.86 0.57 0.17 0.57 0.17 0.57 0.17 0.93 0.86 

Breast-BRCA C+G C 0.30 -0.31 0.31 -0.37 0.86 0.73 0.40 0.00 0.37 -0.24 
G 0.19 -0.60 0.20 -0.53 0.37 -0.18 0.40 0.00 0.21 -0.57 
F 0.30 -0.31 0.18 -0.59 0.89 0.79 0.45 -0.0 0.62 0.24 

HAR-MEx ACT+ACW ACT 0.50 0.39 0.63 0.46 0.00 0.00 0.45 0.25 0.64 0.47 
ACW 0.75 0.42 0.65 0.38 0.00 0.00 0.13 0.10 0.52 0.34 
F 0.14 0.08 0.69 0.52 0.15 0.13 0.24 0.00 0.84 0.82 

ACT+PM ACT 0.33 0.30 0.00 0.00 0.00 0.00 0.45 0.25 0.59 0.43 
PM 0.70 0.44 0.65 0.42 0.00 0.00 0.13 0.10 0.59 0.43 
F 0.59 0.44 0.63 0.48 0.15 0.13 0.30 0.19 0.68 0.49 

ACW+PM ACW 0.67 0.38 0.69 0.40 0.29 0.17 0.45 0.25 0.68 0.39 
PM 0.54 0.32 0.56 0.43 0.16 0.11 0.13 0.10 0.58 0.44 
F 0.59 0.47 0.65 0.46 0.25 0.08 0.31 0.10 0.66 0.48 

ACT+ACW 
+PM 

ACT 0.51 0.35 0.00 0.00 0.00 0.00 0.45 0.25 0.81 0.44 

ACW 0.65 0.38 0.00 0.00 0.00 0.00 0.31 0.12 0.79 0.43 
PM 0.40 0.21 0.00 0.00 0.00 0.00 0.13 0.08 0.77 0.46 
F 0.13 0.05 0.60 0.20 0.05 0.00 0.30 0.08 0.65 0.38 
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4.3 Classification R esults 

We use patient-level LOOCV with differential expression on genomics training 
splits. DST-GAN is compared against a GAN using early fusion (EF) and EAU 
fusion instead of DST, and against MMPareto/ReconBoost as imbalance clas-
sifiers. In Table 1, EF-GAN and EAU-GAN suffer mode collapse (high Wi,  low  
CCA, low diversity), while DST-GAN achieves the best trade-off (low Wi,  high  
CCA, diverse samples). DST-GAN improves F1/MCC on 4/5 datasets (19/22 
configurations, 86% vs. EF/EAU), leads MMPareto/ReconBoost in 19/22 cases 
(86%), and is best or tied on HAR in 11/13 (85%). Performance is weaker on 
Breast-BRCA, where near class balance (0.49) limits DST-GAN’s uncertainty 
advantage. Perfect scores on Breast-BCBM (n=91, imbalance 0.03) are sup-
ported b y perfect MCC, patient-level LOOCV, and cross-dataset Prostate val-
idation, confirming generalisability. Wilcoxon signed-rank tests confirm DST-
GAN significantly improves multimodal (biomedical: p =  0.01; HAR: p = 0.01)
and unimodal (biomedical: p = 0.004; HAR: p = 0.04) classification.

Ablation Study. We ablate the full DST-GAN by removing one component at 
a time (cross-attention, DST-fusion, diffusion-inspired discriminator). Removing 
any component either decreases performance or matches the best-performing 
ablation, confirming eac h component’s contribution.

5 Conclusion 

DST-GAN addresses multimodal imbalance via DST-guided fusion, cross-modal 
attention, and a diffusion-inspired discriminator. It reduces high-dimensional 
dominance and achieves consistent gains across five real-world datasets under 
small, imbalanced settings. Limitations include robustness to missing modali-
ties and GAN training challenges (hyperparameter sensitivity, mode collapse). 
F uture work will include PR-AUC for class-imbalanced evaluation. Clinically, 
DST-GAN improves minority-class generation and supports more reliable mul-
timodal AI decision-making.
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Abstract. Reliable long-horizon forecasting of diagnosis-specific health-
care demand is essential for resource planning, yet remains difficult due 
to non-stationarity and seasonal effects. We propose a contextual residual 
Transformer framework that separates intrinsic demand dynamics from 
cross-diagnostic and calendar-driven corrections through staged residual 
refinement. A univariate Transformer is initially used to model the tar-
get demand time series; subsequent residual stages correct its forecasts 
using causally selected diagnostic covariates and future-known seasonal 
features. Diagnostic predictors are selected with the CCLR-DL frame-
work, which combines lagged regression and Granger-causality testing to 
identify temporally meaningful dep endencies. We evaluate the method
on large-scale Catalan primary-care data comprising 6,575 daily obser-
vations from 2007–2025, and over one billion clinical encounters. Results
across horizons up to 365 d show that causally guided residual refine-
ment improves accuracy and long-horizon stability while preserving inter-
pretable diagnostic and seasonal correction mechanisms.

Keywords: Healthcare demand forecasting · Transformers · Residual 
learning · Causal inference · Seasonality

1 Introduction and Related Work 

Accurate diagnosis-specific forecasting of healthcare demand is essential for clin-
ical decision support, staffing, scheduling, and capacity planning. However, reli-
able long-horizon forecasting remains difficult because healthcare activity is 
shaped by non-stationarity, cross-diagnostic interactions, seasonal effects, and 
population-level changes. In this setting, forecasts must remain accurate over
horizons ranging from days to months while remaining interpretable for opera-
tional decision-making.
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Neural forecasting models can capture nonlinear temporal dynamics and 
multivariate dependencies. Recurrent and c onvolutional-recurrent approaches
such as LSTNet [1] model both short- and long-term temporal patterns, while 
Transformer-based models use self-attention to connect distant time steps 
directly. Efficient variants such as Informer [6] and Log-Linear Attention [2] 
further address scalability for long sequences. Nevertheless, long-horizon health-
care demand cannot depend solely on the choice of model architecture; diagnos-
tic covariates and seasonal patterns must also be integrated in a manner that
maintains both robustness and interpretability.

A common strategy is to concatenate target histories, related diagnoses, and 
calendar variables into a single multivariate input. Although effective, this can 
obscure which signals correct forecast errors and may entangle heterogeneous 
sources of variation. Causal and contextual modelling provides a more structured
alternative. In time series, Granger-causality-based analysis identifies predictors
whose past values improve prediction beyond the target history [1]. The CCLR-
DL framework [3] combines cross-correlation, lagged regression, and Granger-
causality-based selection for healthcare demand forecasting, showing that sta-
tistically guided feature selection c an improve neural models while retaining
interpretability.

Motivated by this, we propose a causal–contextual residual Transformer 
framework for long-horizon healthcare demand forecasting. In this work, ‘causal’ 
refers to Granger-style temporal predictive dependence, not to clinical causality: 
selected covariates are interpreted as temporally informative predictors whose 
past values help explain future residual errors. The model first learns a univari-
ate forecast of the target diagnosis and then applies residual corrections using 
selected diagnostic covariates and future-known seasonal features. This design 
makes three con tributions: (i) a staged residual formulation that separates intrin-
sic demand dynamics from contextual corrections; (ii) the integration of g-causal
diagnostic covariates with Transformer forecasting; and (iii) an evaluation on
large-scale diagnosis-specific primary-care demand with horizons up to one year.

2 Methodology 

We formulate diagnosis-specific healthcare demand forecasting as a multi-step 
prediction problem. Let {yt}T 

t=1 denote the historical demand series for a target 
activity or diagnosis of length T . Given a lookback window L and a forecasting 
horizon H, the objective is to predict yt+1:t+H from the recent target history 
yt−L+1:t and contextual information. We differentiate between historical diag-
nostic covariates Xt−L+1:t ∈ RL×D, which are available only up to time t (with 
dimensionality D), and future-known seasonal features St+1:t+H ∈ R

H×K , such
as weekday, holiday, and calendar indicators (with dimensionality K). The fore-
casting task can be formulated as

ŷt+1:t+H = fθ yt−L+1:t,Xt−L+1:t,St+1:t+H . (1) 

Rather than learning this mapping with a single fully multivariate model, we 
propose a contextual residual Transformer framework. The model first estimates
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a univariate forecast of the target series and then applies successive residual 
corrections using g-casual diagnostic features and seasonal information, as shown
in Fig. 1.  Let  ̂y(0) 

t+1:t+H be the univariate Transformer forecast obtained from 
the target history alone. At refinement stage k, a residual model estimates a 
correction r̂(k) t+1:t+H and updates the forecast as 

ŷ( k)
t+1:t+H = ŷ(k−1)

t+1:t+H + r̂(k)t+1:t+H . (2) 

In our experiments, two refinement stages are used. The first corrects system-
atic errors using lagged diagnostic covariates selected by the CCLR-DL frame-
work [3]. This selection combines lagged regression and Granger-causality-based 
testing to identify temporally informative predictors, but these relations should 
be interpreted as predictive temporal dependencies rather than proof of clin-
ical causation. The second stage corrects remaining residual structure using 
future-known seasonal and calendar f eatures. This separation avoids information
leakage and supports stage-level interpretability: diagnostic covariates explain
cross-diagnostic residual corrections, whereas seasonal features explain recurrent
calendar-driven corrections.

Fig. 1. Overview of the proposed causal–contextual residual forecasting framework.

All forecasting stages use the same encoder-only Transformer backbone. 
Inputs are sequence-normalized, projected to the model dimension, and aug-
mented with sinusoidal positional encodings [5]. The encoder contains two Trans-
former blocks with eight attention heads, GELU feed-forward layers, dropout 
regularization, and a two-layer MLP regression head that produces horizon-
specific forecasts. For longer lookback windows, temporal average pooling is 
applied before the regression head to reduce dimensionality. Hyperparameters 
for the proposed model and neural baselines were selected by grid search on the
validation set using the same train–validation–test split, forecasting horizons,
and search budget.
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The proposed methodology is evaluated on a representative subset of large-
scale healthcare activity time series from the Catalan public primary care system, 
comprising 2,736 activity codes over 6,575 daily time steps from 2007 to 2025
and more than 1 billion clinical encounters.

Table 1. Final-stage performance averaged over target series. Best values for each 
metric and horizon are shown in bold.

Model MAE RMSE WAPE 
7 60 365 7 60 365 7 60 365 

Informer 6405.57 8351.45 8526.83 16582.06 19912.05 20527.66 8.83 16.78 19.45 
LogFormer 4311.60 8223.74 8881.74 7854.15 19671.91 20827.18 8.50 16.34 19.82 
LSTNet 3724.73 10433.90 9808.78 7035.59 20371.83 18841.44 8.17 21.13 21.45 
Ours 4294.20 7533.08 8467.11 7731.90 18797.53 19961.38 8.38 16.33 18.24 

We evaluate short- and long-term forecasting horizons up to 365 d using 
MAE, RMSE, and WAPE. MAE is used to quantify average absolute demand 
error, RMSE to capture sensitivity to larger deviations, and WAPE to compare 
relative error across diagnoses with different activity volumes. The proposed
model is compared against representative neural long-horizon forecasting base-
lines: LSTNet [4], LogFormer [2], and Informer [6]. 

3 Results and Discussion 

Table 1 reports final-stage performance after diagnostic and seasonal residual 
refinement, averaged across the target time series. LSTNet achieves the lowest 
error at the 7-day horizon, confirming that recurrent architectures remain com-
petitive for short-term forecasting. However, its performance decreases at longer 
horizons. The proposed model obtains the best MAE and WAPE at both 60 and 
365 d, and the best RMSE at 60 d, indicating stronger medium- and long-horizon
performance. At 365 d, LSTNet obtains the lowest RMSE, while the proposed
model remains best under MAE and WAPE, showing that conclusions depend
on the operational meaning of each metric.

The residual refinement strategy improves performance mainly at longer hori-
zons. Adding diagnostic covariates reduces MAE by 6.32% and 15.19% at 60 and 
365 d, respectively, while seasonal refinement provides additional reductions of 
6.54% and 4.53%. This suggests that diagnostic covariates help correct medium-
and long-range structural errors, whereas seasonal features capture recurrent
calendar-driven variation.

From an operational perspective, MAE and WAPE are especially relevant 
because they express planning error in absolute and relative terms. Lower errors 
can support more reliable staffing, appointment capacity, and resource allocation.
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However, the current framework does not distinguish between the costs of under-
and overestimation, which remains an important extension for deployment.

The framework provides stage-level interpretability. The univariate stage cap-
tures the target trajectory, the diagnostic stage identifies cross-diagnostic cor-
rection signals, and the seasonal stage isolates future-known calendar effects. 
These signals should be interpreted as predictive temporal associations rather
than clinical causality.

An ablation against a no-causal variant confirms the value of diagnostic resid-
ual refinement. The full pipeline improves final-stage MAE by 0.88%, 9 .43%, and
2.71% at 7, 60, and 365 d, with the largest gain at the medium horizon.

Several limitations remain. The comparison is restricted to neural forecasting 
baselines, while statistical approaches such as seasonal ARIMAX or dynamic 
harmonic regression should be considered in future work. In addition, gains may
vary across diagnoses, with larger benefits expected for highly seasonal or high-
variability series.

4 Conclusion 

We proposed a contextual residual Transformer framework for long-horizon 
healthcare demand forecasting. The model first estimates diagnosis-specific 
demand from the target history and then applies structured residual correc-
tions using temporally selected granger-causal related diagnostic covariates and 
future-known seasonal features. Experiments on large-scale Catalan primary-
care data show improved medium- and long-horizon accuracy while providing a 
stage-level decomposition of diagnostic and calendar-driven corrections. These 
findings support staged residual refinement as a practical strategy for stable and 
explainable healthcare demand forecasting. 
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Abstract. Continuous monitoring of intraocular pressure (IOP) is 
important for the management of glaucoma, but current clinical mea-
surements are limited to intermittent in-clinic assessments that fail to 
capture short-term fluctuations. Microfluidic contact lenses provide a 
passive sensing mechanism by converting pressure-induced deformation 
into observable fluid displacement. 

We propose a system-level deep learning framework for automated 
interpretation of microfluidic signals for IOP monitoring. In the absence 
of a physical lens prototype, training data are generated by simulating 
microfluidic channels over eye images. The model achieved a mean IoU of 
0.94 and Dice score of 0.97, making it a feasible IOP monitoring system. 

Keywords: Intraocular pressure monitoring · Glaucoma · Microfluidic 
contact lens · Deep learning · Medical image segmentation 

1 Introduction 

Glaucoma is a leading cause of blindness and is strongly asso ciated with ele-
vated IOP [9]. Goldmann Applanation Tonometry (GAT) remains the clinical 
gold standard for IOP measurement despite the development of alternative tech-
niques. These methods are limited to in-clinic measurements that are influenced
by corneal thickness and biomechanics [10]. IOP exhibits short-term and diur-
nal fluctuations that are not captured during routine clinical visits and may be
predictive of disease progression [6]. This highlights the need for frequent or con-
tinuous monitoring outside clinical settings. While existing evidence is primarily 
based on conventional techniques, contact lens-based approaches introduce an 
interface with the ocular surface, although clinical observations suggest that
contact lenses do not alter IOP levels or measurements [2]. 
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Fig. 1. Simulated microfluidic channel response under increasing IOP. The arrow indi-
cates the extent of fluid displacement. (a) Low IOP with minimal fluid displacement 
in the sensing channel. (b) Moderate IOP showing partial fluid advancement along the 
channel. (c) Elevated IOP with substantial fluid displacement. (d) High IOP demon-
strating near-maximal fluid propagation within the sensing channel. 

Existing wearables use embedded electronics that result in calibration drift 
and power constraints, while microfluidic systems provide a passive alterna-
tive [5]. Whereas, current microfluidic approaches focus on hardware design 
and heuristic image processing [1,3], while learning-based interpretation remains
largely unexplored.

2 Proposed System 

The proposed system uses a microfluidic contact lens in which IOP variations 
induce measurable fluid displacement within a sensing channel. These changes 
are captured using passive imaging and analyzed using an automated computer 
vision pipeline. The users would wear the con tact lens throughout the day and
capture periodic images that allow longitudinal monitoring of fluid displacement
under the guidance of the clinician.

Contact Lens Design and Fluid Channels. The proposed lens contains a 
circular sensing channel and a reservoir channel aligned with the iris. Variations 
in IOP induce fluid displacement within the sensing channel, providing a visual 
indicator for pressure estimation. The linear distribution of displaced fluid within 
the channel is considered to monotonically relate to IOP and is used as a proxy.
The extent of fluid displacement along the sensing channel can thus be quantified
and mapped to IOP through calibration with reference measurements. Figure 1 
depicts the fluid position within the channel at d ifferent pressure levels.

Dataset Generation. A physical prototype is under development, and so train-
ing was performed using simulated microfluidic channels over eye images to 
approximate realistic imaging conditions, including variability in appearance, 
illumination and channel visibility (via data augmentation). This enables the 
model to learn fluid-like patterns under realistic v aried ocular imaging condi-
tions. The iris center and radius were estimated using a localization model to
geometrically align a microfluidic channel template with the iris boundary (Fig. 2 
b). Fluid displacement was simulated by progressively filling the sensing channel 
from a fixed seed point over a specified fill range. Eyelid masks were used to
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(a) (b) (c) (d) 

Fig. 2. Simulated microfluidic channel generation pipeline. (a) Input eye image. (b) 
Predicted iris center (yellow) and radius (green). (c) Enlarged version of the simu-
lated microfluidic channel overlay used for training. (d) Warped microfluidic channel 
template geometrically aligned to the estimated iris boundary. (Color figure online) 

suppress channel regions in occluded areas, and the rendered channel and fluid 
masks were saved as paired image–mask s amples. This process generated 70,933
simulated image–mask pairs (Fig. 2 c,d). 

Image Acquisition. Data was captured using a smartphone under controlled 
conditions. Test data was collected from the authors with their permission to be 
used for research and publication. The iris was located first i n the images and
then low quality images were filtered out followed by the segmentation stage.

Fluid Segmentation. Fluid displacement was estimated using a U-Net with 
a ResNet-18 encoder pretrained on ImageNet-1K. The model outputs binary 
masks of fluid regions used to estimate displacement along the sensing channel. 
A lightweight architecture was selected to balance s egmentation accuracy and
computational efficiency, providing a favorable trade-off between accuracy and
computational efficiency for potential mobile deployment.

3 Experimental Setup 

Datasets. The IIT Delhi Iris Database (IITD v1.0) contains grayscale iris 
images captured under controlled conditions, while UBIRIS.v2 provides color 
images acquired in more unconstrained settings. Both datasets were used to train
the iris localization and eyelid segmentation models [4,8]. A custom dataset (200 
images, 30 videos) was augmented to 8,520 images using geometric and photo-
metric transformations, then used to generate 70,933 simulated samples with
varying fluid displacement levels (80:10:10 split).

Models and Training. The fluid segmentation model was a U-Net encoder– 
decoder network with a ResNet-18 encoder, trained to perform binary semantic 
segmentation of the fluid region inside the microfluidic sensing channel (fluid 
vs. background). Input images were resized to 512 × 512. The network outputs 
per-pixel logits and is optimized using weighted cross-entropy to address class
imbalance. Training was performed with the Adam optimizer (lr = 10−3) for 67
epochs. The learning rate was reduced on plateau (factor = 0.5, patience =3).



Deep Learning for Vision-Based IOP Monitoring 225

Fig. 3. Fluid segmentation results on the test set. Each row shows (a) input image, (b) 
ground-truth mask, (c) predicted mask overlaid on the input and (d) predicted mask. 
The first row shows a successful case (IoU = 0.97), the middle row a moderate case 
(IoU = 0.91) and the last row a challenging case (IoU = 0.88). 

Two U-Net models were trained to segment the upper and lower eyelids which 
can occlude the fluid. A binary ResNet-18 classifier was trained for image qual-
ity assessment, to filter out low-quality frames, such as when a blink closes the
eyelid. MediaPipe Face Mesh [7] was used for region cropping, followed by a 
ResNet-18 model to estimate iris center and radius. The ResNet-18 regression 
model predicts normalized (cx,  cy,  r) parameters, after being trained on manu-
ally annotated iris centers and radii. All ResNet-18 models used were pre-trained 
on ImageNet-1K. Segmentation was evaluated using Dice and IoU (on the fore-
ground class), image quality assessment using standard classification metrics and
iris localization using Mean Absolute Error and Euclidean distance.

4 Results and Discussion 

The model achieved a mean IoU of 0.94 and Dice score of 0.97, indicating accu-
rate and reliable recovery of fluid regions under realistic imaging conditions.
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These segmented regions provide the basis for estimating relative fluid displace-
ment, which serves as a proxy for IOP. Therefore, the segmentation accuracy 
directly influences the reliability of d isplacement estimation and underpins the
overall effectiveness of the proposed IOP monitoring framework.

Inspection of the predicted segmentation visualizations confirmed that the 
model accurately captured fluid displacement patterns along the s ensing chan-
nel under varying conditions, as shown in Fig. 3. Successful cases showed precise 
boundary alignment and smooth fluid contours, while failure cases were pri-
marily associated with extreme reflections or near-complete eyelid occlusion. 
Representative visualizations are included to illustrate both typical successes 
and challenging scenarios. The supporting models functioned as intended, with 
image quality assessment filtering unusable frames, eyelid segmentation prevent-
ing unrealistic channel overlap and iris localization providing stable and accurate
estimates.

Limitations. Training and evaluation are performed on simulated data, as a 
physical contact lens prototype is not yet available. The relationship between 
fluid displacement and absolute IOP remains uncalibrated, and this work focuses 
on segmentation rather than direct IOP estimation. While sim ulations provide
a controlled environment for evaluating robustness, they do not fully capture all
real-world variations, including distortions and optical artifacts.

5 Conclusion and Future Work 

This paper presents a learning-based framework for IOP estimation using a 
microfluidic contact lens. The system enables passive, vision-based estimation of 
fluid displacement from eye images. Future work will focus on validation using 
data acquired from a physical microfluidic contact lens prototype, as well as 
subject-level generalization, long-term repeatability and establishing a quanti-
tative relationship between fluid displacement and absolute IOP values. 

A cknowledgments. This study was supported by the Canadian Institutes of Health
Research (CIHR) under grant number 202409PJT-525974-CMZ-CEDA-215779.

Disclosure of Interests. The authors declare that they have no competing interests.

References 

1. Aravind, M., et al.: Microfluidic contact lens: fabrication approaches and applica-
tions. Microsyst. Nanoeng. 11, 59 (2025) 

2. Bozgül, P., Cankaya, C., Doganay, S., et al.: The influence of soft contact lenses 
on the intraocular pressure measurement. Eye 26(2), 278–282 (2012) 

3. Choi, J., et al.: Soft, skin-mounted microfluidic systems for measuring secretory 
fluidic pressures. Lab Chip 17, 2572–2580 (2017) 

4. Kumar, A., Passi, A.: Iris matchers for personal authentication. Pattern Recogn. 
(2010)



Deep Learning for Vision-Based IOP Monitoring 227

5. Leonardi, M., et al.: A soft contact lens with a mems strain gage embedded for 
intraocular pressure monitoring. In: Transducers, pp. 1043–1046 (2003) 

6. Liu, T., et al.: Intraocular pressure fluctuations in glaucoma. Adv. Ophthalmol. 
Pract. Res. (2025) 

7. Lugaresi, C., et al.: Mediapipe: a framework for building perception pipelines. In: 
CVPR Workshops (2019) 

8. Proença, H., et al.: Ubiris.v2: a visible wavelength iris image database. IEEE Trans. 
Pattern Anal. Mach. Intell. (2010) 

9. Qi, T., et al.: Understanding glaucoma. Klin. Monatsbl. Augenheilkd. (2025) 
10. Zeppieri, M., Gurnani, B.: Applanation tonometry. In: StatPearls. StatPearls Pub-

lishing (2023)



Effectiveness of Artificial Intelligence 
in Cardiovascular Disease Prevention: 

A Systematic Review 

Chetan Shirvankar1 , Lily Puterman-Salzman2 , Josep Iglesies-Grau3 , 
Hervé Tchala Vignon Zomahoun4 , and Samira Abbasgholizadeh Rahimi1(B) 

1 McGill University, Montreal, QC, Canada 
chetan.shirvankar@mail.mcgill.ca, samira.rahimi@mcgill.ca 

2 Université de Montreal, Montreal, QC, Canada 
3 Montreal Heart Institute, Montreal, QC, Canada 

4 Université Laval, Quebec City, QC, Canada 

Abstract. This systematic review evaluates the effectiveness of Artificial Intelli-
gence (AI) in preventing cardiovascular disease (CVD). 

We conducted a systematic review using Joanna Briggs Institute (JBI) method-
ology, with the protocol registered under CRD42022369548 on PROSPERO. We 
included studies on all populations who receive or provide care and used AI for 
risk prediction and prevention of CVD. We searched seven databases from 1999 
till October 2022. Two reviewers independently screened the identified records 
and extracted data from the included studies. We conducted a subgroup analysis 
on studies that compare AI to standard care. We assessed the risk of bias using 
a Modified IJMEDI and PROBAST tool, and data are synthesized in narrative 
form, considering various study aspects. This review adheres to PRISMA guide-
lines for systematic reviews and meta-analyses. After screening 7,505 identified 
records, 266 articles were included in the review. Risk prediction and early dis-
ease diagnosis were the most common prevention modalities. The subgroup anal-
ysis of 16 studies that compared these interventions with standard care included 
51,687,627 participants. The Framingham Risk Score was the most used compara-
tor, reported in 8 of the 16 studies (50%). Findings from identified studies suggest 
that AI, specifically Machine learning models such as Neural Networks, signifi-
cantly improved the performance of clinical tasks such as risk prediction and diag-
nosis, suggesting that AI-based models may enhance cardiovascular disease pre-
vention. Further high-quality prospective studies and real-world implementation 
research are needed before routine clinical adoption. 

Keywords: Cardiovascular Disease · Systematic Review · Clinical Decision 
Support Systems · Artificial Intelligence · Machine Learning 

1 Introduction 

Cardiovascular diseases (CVDs) are the leading cause of death and the primary cause of 
disability worldwide [1]. In 2022, the Global Burden of Diseases Study reported 19.7 
million deaths due to CVD [2]. These trends emphasize the urgent need for enhanced
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cardiovascular prevention and care globally. In recent decades, significant risk factors 
for CVD have been identified, and practical and well-tolerated treatments exist [3]. 

Artificial intelligence (AI) has become a popular approach to enhance risk identifi-
cation [4]. While the diagnostic accuracy of this technology may not achieve 100%, its 
integration with the clinician’s expertise has the potential to enhance overall performance 
[5]. Current clinical guidelines for primary prevention of CVD emphasize identifying 
asymptomatic patients who may benefit from preventive measures (e.g., statin therapy) 
based on their predicted risk [6]. Our study aims to systematically review and synthesize 
the literature on AI-enabled tools and interventions for CVD prevention, focusing on the 
following research questions: RQ1: How is AI used in the prevention of cardiovascular 
disease? RQ2. How does AI compare to existing risk scores to prevent cardiovascular 
disease? 

2 Methods 

We conducted this systematic review following the methodology by Joanna-Briggs 
Institute (JBI) [7] and reported according to Preferred Reporting Items for Systematic 
Reviews and Meta-Analyses (PRISMA) checklist [8]. The study protocol was developed 
and registered on the International Prospective Register of Systematic Reviews (PROS-
PERO) under the ID CRD42022369548. We used the PICO (population, intervention, 
comparator, outcome) framework [9] to develop the inclusion and exclusion criteria. The 
included studies had to be written in English and published between 1999 and October 
2022. 

Population. We included any individual receiving or providing care. This includes 
four key groups: (1) the general population, (2) patients receiving care, (3) healthcare 
professionals delivering care, and (4) health managers overseeing care delivery. 

Intervention. Any AI intervention used for risk prediction and prevention of CVD. We 
included all AI methods, such as machine learning methods. 

Comparator. We included studies with or without a comparator as standard care or 
other intervention. Head-to-head comparisons were also considered for inclusion. 

Outcomes. We looked for studies reporting the effectiveness of preventing CVD by 
early risk prediction, healthcare monitoring, or intervention delivery. 

Exclusion Criteria. Studies focusing on rheumatic heart disease, congenital cardiac 
disease, and cardiac surgery were excluded because they primarily address disease man-
agement or procedural/surgical care rather than primary or secondary prevention of car-
diovascular disease. Additionally, articles centered on diagnosing CVD, such as using 
ECG or PPG, rather than early detection, were omitted due to their limited role in disease 
prevention. Studies not written in English were also excluded. 

An information specialist developed the search strategy in collaboration with our 
team members. The search strategy was first conducted in Ovid-MEDLINE. After 
two rounds of revisions, a comprehensive search of seven electronic databases (Ovid-
MEDLINE, Embase, CINAHL, Cochrane CENTRAL, Web of Science, IEEE Xplore,
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Scopus) was performed in October 2022. We used EndNote 20 to import all references 
and to deduplicate articles. We performed the screening in two stages using the software 
Rayyan [10]. Titles and abstracts were screened for potentially eligible studies. In the 
next stage, full-text reports were retrieved and further assessed for eligibility according 
to the specified inclusion criteria. Each stage was blinded and independently reviewed 
by two authors (CS and LPS), and a third senior author (SAR) resolved any conflicts. We 
further performed a sub-group analysis on studies that compare AI to standard care, such 
as existing risk score systems. We developed an extraction form which was guided by 
the Evidence-Based Practice for Improving Quality (EPOC) and the recommendations 
outlined in Stevens et al., “Recommendations for Reporting Machine Learning Analyses 
in Clinical Research.” [11] Two reviewers (CS and LPS) performed data extraction and 
quality assessment. A final data extraction template was prepared after discussions with 
expert team members. 

To answer the second question in this review, we conducted a thorough data extrac-
tion from studies (n = 16) that used a clinical comparator. Due to the lack of existing 
tools to assess studies involving AI, risk of bias (RoB) was assessed during data extrac-
tion of studies involving AI using the Prediction model Risk of Bias Assessment Tool 
(PROBAST) and components of the comprehensive checklist for the assessment of 
medical AI studies [12]. This assessment tool systematically evaluated the RoB in six 
domains, including participants, predictors, outcome, analysis, AI data, and AI Model 
validation. We performed a narrative and qualitative data synthesis to summarize the 
characteristics of the included studies, considering study design, context, and partic-
ipant characteristics. Supplementary materials, including the full search strategy are 
available at: https://github.com/rahimi-s-lab/AI-CVD-Systematic-Review. 

3 Results 

A total of 12,149 records were found using the search strategy. A total of 266 studies 
met the selection criteria, of which 16 articles were sub-grouped for further analysis. 

This systematic review reports on the sub-group analysis of 16 studies which used a 
clinical comparator. These studies collectively included 51,687,627 participants. Sample 
sizes ranged from 500 to over 6 million (median 28,185). Studies were conducted in North 
America (n = 5), Europe (n = 6), Asia (n = 5), Australia (n = 1), and across multina-
tional datasets (n = 2). All 16 studies were retrospective or used research datasets. None 
reported deployment in routine clinical care. Medical tasks included CVD risk prediction, 
stroke prediction, ASCVD prediction, CAD risk prediction, MACE and bleeding-event 
prediction in ACS, and automated coronary artery calcium (CAC) scoring. The Fram-
ingham Risk Score was the most frequently used comparator (n = 8/16, 50%), followed 
by SCORE/SCORE2 (n = 3), ACC/AHA Risk Calculator (n = 2), CHA2DS2-VASc (n 
= 2), QRISK3 (n = 2) and TIMI Risk Score (n = 2) (Fig. 1). 

The most commonly applied AI approaches were neural networks (including 
attention-based deep neural networks and quantum neural networks), gradient-boosted 
trees and boosting variants (XGBoost, GBM, AdaBoost), random forests, and support 
vector machines. Several studies employed ensemble or super-learner architectures com-
bining multiple algorithms. Risk of bias varied across the six domains. Most concerns
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Fig. 1. PRISMA flow diagram illustrating the literature search and study selection process(left) 
and the risk of bias assessment of included studies(right) 

clustered around participants, analysis, and model validation domains, reflecting reliance 
on internal cross-validation and limited external testing. 

4 Discussion 

Our analysis revealed a significant trend: machine learning models consistently outper-
formed conventional methods such as the Framingham Risk Score (FRS), ACC/AHA 
Risk Calculator, and CHA2DS2-VASc score in various settings. 

Most models were developed using retrospective or single-cohort data, which 
may limit the generalizability of the findings. Reported performance gains were often 
attributed to flexible algorithms (e.g., gradient-boosted trees and neural networks) capa-
ble of modelling nonlinear relationships and complex interactions between variables. 
Moreover, integrating novel predictors such as socioeconomic factors and lifestyle 
parameters expanded risk stratification beyond traditional clinical markers, supporting 
a more holistic view of cardiovascular risk. This pattern aligns with broader reviews of 
AI in cardiovascular medicine, which describe machine learning’s capacity to extract 
non-linear signals from large, multimodal datasets that conventional regression-based 
scores cannot fully capture [4]. 

AI in prevention focuses more on risk prediction and early detection than on deliv-
ering actual interventions. Among studies with a clinical comparator, reported improve-
ments over standard care varied widely (2.71–62.07%), indicating substantial context 
dependence across populations, outcomes, and evaluation frameworks. While AUROC, 
calibration, and NRI were commonly reported, measures critical for imbalanced pre-
diction tasks (e.g., sensitivity, specificity, recall, precision, F1-score) were frequently 
absent, restricting assessment of clinical utility. 

5 Conclusion 

This review shows that AI, particularly machine learning models, generally outperforms 
traditional risk calculators for predicting cardiovascular disease across diverse settings, 
with higher accuracy, sensitivity, and specificity. However, most evidence is limited
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to retrospective, single-center studies with internal validation only, raising concerns 
about generalizability and real-world performance. Future work must prioritize external 
validation, explainable models, prospective trials, and implementation-focused studies 
that demonstrate impact on patient outcomes and healthcare delivery. 
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Abstract. Patient engagement is essential for improving clinical out-
comes in pediatric neuromotor rehabilitation. Physiological comput-
ing offers a quantitative aid for its assessment, but clinical implemen-
tation is limited by intrinsic noise in therapist-reported labels and 
high inter-subject physiological variability. The study aims to predict 
absolute Engagement State and relative Engagement Dynamics in 31 
underage participants (21 with neuromotor disorders, 10 neurotypi-
cal). Multimodal data (heart rate variability, electrodermal activity, and 
acceleration) and PRIME-SP engagement labels were collected during 
technology-assisted rehabilitation. Following feature extraction, confi-
dent learning reduced noise in therapist annotations, and hierarchical 
Bayesian models w ere trained and tested under cold start and adaptive
learning evaluation paradigms. Results proved the non-destructive effec-
tiveness of adaptive learning, achieving F1-Scores of 0.75 and 0.79 for
Engagement State and Dynamics, respectively. The study marks a first
step towards the development of a decision support system for real-time
engagement assessment.

Keywords: Rehabilitation Engagement · HBM · Affective Computing

1 Introduction 

High-intensive, technology-assisted training is crucial to promote neuroplastic-
ity and improve motor recovery in pediatric neuromotor rehabilitation, but its 
intrinsic repetitive nature can lead to boredom and disengagement [12]. This is 
critical, as rehabilitation engagement is essen tial for enhanced clinical outcomes
[6]. Currently, engagement assessment heavily relies on psychometric scales, 
which are discrete and subjective tools, a nd fail to capture dynamic fluctua-
tions of engagement [2]. Physiological computing may offer a v alid continuous
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and quantitative alternativ e [4], although its deployment in clinics presents two 
major challenges. The first depends on the inter-subject variability of physiolog-
ical patterns, which leads to a s ignificant generalization gap in pooled models or
data scarcity in subject-dependent models [4]. The second addresses ground truth 
reliability: labels rely on the therapist’s subjective interpretation of the patient’s 
internal state, risking the embedding of human biases in the final predictions
[9]. The present work aims at objectively predicting rehabilitation engagement. 
A Machine Learning (ML) framework based on Hierarchical Bayesian Models
(HBMs) [5] was implemented to manage inter-subject variability, leveraging par-
tial pooling. Furthermore, a confident learning approach [9] was exploited to 
handle noisy annotations before training. Finally, clinical interpretability was 
pro vided through a post-hoc explainability analysis.

2 Materials and Methods 

Experimental Design and Target Definition. The study involved 31 participants: 
10 neurotypical underage subjects and 21 pediatric patients with neuromotor dis-
orders due to cerebral palsy or acquired brain injury. The study was approved 
by the Ethical Committee Lombardia 2 (L2-246) and registered at ClinicalTri-
als.gov (NCT06993389). Participants underwent 1–3 robot-assisted rehabilita-
tion sessions using either the Lokomat (Hocoma AG, Volketswil, Switzerland) 
or GRAIL (Motek Medical, The Netherlands) systems. Each session consisted of 
a 10-minute rest phase followed b y 3–6 5-minute gamified exercises (exergames).
Multimodal data, including Heart Rate Variability (HRV) from electrocardio-
graphic (ECG) signal, electrodermal activity (EDA) and 3-axis acceleration
signals, were acquired using Shimmer3 sensors (Shimmer Sensing, Dublin, Ire-
land). Therapists filled the PRIME-SP questionnaire [7] after each exergame. 
To derive a continuous target from t he questionnaires, an exploratory facto-
rial analysis [3] was applied to the four PRIME-SP dimensions. The extracted 
single continuous latent score was then binarized for two targets. For Engage-
ment State (absolute intensity), exergames whose score exceeded the neutral 
point were labeled High Engagement, otherwise Low Engagement. For Engage-
ment Dynamics (in-session fluctuation), a differential latent score relative to 
the preceding exergame was computed (Δ(t) = Score(t)− Score(t − 1)). Nega-
tive variations were labeled Disengagement, whereas stable or positive changes
as Maintenance.

Data Processing and Refinement. HRV, EDA and acceleration signals were 
preprocessed through standard filtering pipelines to limit noise and artifacts. 
Following transient removal, signals in the rest phase or related to exergames 
were segmented into 3-minute windows. F rom each window, a comprehen-
sive set of 49 literature-driven temporal, spectral, and non-linear features was
extracted [1,10,11]. To align feature representation with classification targets, 
exergames features were normalized by subtracting subject-specific rest values 
for the Engagement State, and by subtracting the mean value of the preceding
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exergame for the Engagement Dynamics. To mitigate labels noise, a c onfident
learning approach was implemented [9]. A Logistic Regression model, selected 
for its robustness against overfitting, was trained using Leave-One-Subject-Out 
(LOSO) cross-validation to estimate the inconsistency between features and 
labels (contrary evidence probability). To align window-level predictions with 
exergame-level labels, predictions were aggregated through temporal majority 
voting, thus averaging probabilities across all windows inside an exergame to 
obtain a single exergame-level probability. Exergames with contrary evidence
probability between 0.7 and 0.9 were pruned, while labels were inverted when
the probability exceeded 0.9. Final datasets consisted of 989 samples for Engage-
ment State and 756 for Engagement Dynamics.

Machine Learning Framework and Explainability. The ML framework was nested 
within an outer LOSO cross-validation loop to test exclusively on unseen sub-
jects and run independently for both classification targets. First, features were 
z-score normalized using statistical parameters fitted on the training set. To iden-
tify the most discriminative features, a linear discriminan t analysis classifier was
trained through an inner 5-fold cross-validation loop to optimize its shrinkage
parameter. Feature selection was then driven by SHapley Additive Explanations
(SHAP) [8], selecting the top-10 features ranked by mean absolute SHAP values. 
Next, leveraging partial pooling to balance generalization and personalization, 
a HBM was applied to estimate population-level fixed effects, representing the 
global impact of features, while also modeling subject-specific random intercepts 
to adjust for individual variability. The framework was evaluated under two sce-
narios simulating distinct stages of the patient’s clinical life-cycle: Cold Start 
(CS), simulating a new patient arrival by computing predictions for the held-
out subject using exclusively the N − 1 population model priors; and Adaptive 
Learning (AL), simulating longitudinal adaptation. In AL, the HBM was i nitial-
ized with the population priors and sequentially updated after every exergame on
the subject’s history, progressively adjusting the parameters specifically for that
patient. Finally, for trustworthiness and explainability, a global HBM was fitted
on the entire dataset to estimate the magnitude and direction of the features’
influence on engagement predictions.

3 Results and Discussion 

The HBM-based framework achieved satisfactory classification performance
(Table 1), proving its capability to generalize over a heterogeneous pediatric 
cohort. Comparing the two evaluation paradigms, AL consistently exceeded 
CS performance for Engagement State, and reached comparable performance 
for Engagement Dynamics, although no statistically significant differences were 
found, probably due to the limited number of update steps available per subject 
(between 2 and 17 exergames), restricting the HBM opportunities to diverge
from the priors. Nevertheless, the AL paradigm proved to be non-destructive,
preserving or improving CS performance even with few data points, which is
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highly desirable in longitudinal treatments. Noteworthy, Engagement Dynamics 
showed slightly higher performance compared to Engagement State, potentially 
suggesting that the inference of t he fluctuation of engagement was inherently
more feasible than estimating its absolute state [2]. 

Table 1. LOSO Cross-Validation (N =  31) performance m etrics (Mean (SD)).

Target Paradigm F1-Score Precision Recall ROC AU C
Engagement 
State 

CS 0.72 (0.29) 0.72 (0.32) 0.76 (0.24) 0.77 (0.26) 

AL 0.75 (0.27) 0.76 (0.28) 0.77 (0.23) 0.73 (0.24) 
Engagement 
Dynamics 

CS 0.78 (0.21) 0.81 (0.20) 0.79 (0.21) 0.82 (0.23) 

AL 0.79 (0.22) 0.80 (0.21) 0.80 (0.21) 0.81 (0.23) 

Fig. 1. Explainability analysis showing the fixed effects coe fficients of the HBM.

Additionally, the HBM framework offered a trustworthy alternative to blac k-
box approaches [5]. As shown in Fig. 1, Engagement State inference was primarily 
driven by autonomic features. A shift towards sympathetic dominance (negative 
coefficient of HRV MeanNN, positive LF/HF) and vagal withdrawal (negative
SD1d) correlated high engagement to increased arousal [11]. Likewise, positive 
coefficients for EDA energy-perimeter ratio and Hjorth complexity linked higher 
engagement to greater sudomotor activity and sympathetic arousal [1]. Con-
versely, Engagement Dynamics was also driven by kinematic features reflecting 
motor behavior: maximum jerk magnitude and sample entropy of acceleration 
both revealed negative coefficients, working as protective factors against disen-
gagement. High values of jerk (i.e., rate of change of acceleration) and entropy
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(i.e., movement complexity) reflected rapid and adaptive motor adjustments [10], 
which favored engagement maintenance, whereas a shift towards lethargic or 
monotonous patterns likely acted as precursors to disengagement. Furthermore, 
autonomic features indicating parasympathetic relaxation significantly increased
the likelihood of disengagement [11]. 

4 Conclusions 

The study proved the feasibility of adaptive HBMs to infer rehabilitation 
engagement state and dynamics, balancing population-level generalization with 
subject-specific personalization. The explainability analysis identified key motor 
and autonomic drivers, resulting in trustworthy measures for clinical practice. 
Despite the restricted number of exergames per participant, the study sets the 
stage for an objective clinical decision support system, aiding therapists in tailor-
ing rehabilitation strategies to both psychological and motor needs of patients. 
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Abstract. Characterizing heterogeneity in Parkinson’s disease (PD) related to 
prodromal symptom burden may provide insight into early disease mechanisms. 
Wearable gait analysis offers a scalable approach to capture subtle motor alter-
ations. We developed an interpretable machine learning framework to identify 
high retrospective prodromal symptom burden (≥3 symptoms) in 275 individuals 
with PD using single-sensor trunk accelerometry. A three-stage feature selection 
pipeline identified five key predictors: multiscale entropy (MSE) along three axes, 
vertical improved harmonic ratio (iHRv), and body weight. A Random Forest clas-
sifier achieved ROCAUC = 0.84, PRAUC = 0.86, F1-score = 0.76. Class imbal-
ance was addressed via CTGAN-based augmentation applied within the training 
set. Explainability analyses consistently identified increased medio-lateral gait 
complexity (MSEml) and reduced iHRv as dominant contributors.

These findings define an interpretable gait phenotype associated with retro-
spective prodromal burden in PD. While not reflecting true prodromal predic-
tion, this framework provides mechanistic insight into early motor alterations and 
supports scalable digital phenotyping. 

Keywords: Parkinson’s disease · wearable sensors · digital biomarkers · gait 
analysis · explainable artificial intelligence · retrospective prodromal burden 

1 Introduction 

Parkinson’s disease (PD) involves a prolonged preclinical phase characterized by the 
emergence of non-motor symptoms such as hyposmia, REM sleep behavior disorder, 
depression, and constipation [1, 2]. While individual symptoms have limited specificity, 
their accumulation is often used as a proxy of increased prodromal burden. However, in 
established PD, such burden is retrospectively defined and does not necessarily reflect 
true prodromal disease progression, but rather a reconstructed symptom profile within 
diagnosed patients.
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In parallel, subtle alterations in gait dynamics may arise early and reflect under-
lying multisystem involvement. Wearable inertial sensors provide scalable access to 
trunk-derived metrics capturing rhythmicity, symmetry, variability, and complexity of 
locomotion [3, 4]. Entropy-based and harmonic-based features have shown sensitivity 
to disease-related motor alterations and fall risk in PD [5, 6]. 

Despite these advances, the relationship between objective gait biomarkers and ret-
rospective prodromal symptom burden within PD remains poorly characterized, partic-
ularly in the absence of interpretable models linking biomechanical features to clinically 
defined symptom burden. In addition, methodological challenges such as class imbal-
ance and limited interpretability constrain the clinical utility of machine learning models 
in this setting. 

In this study, we propose an interpretable machine learning framework using single-
sensor gait data to identify high retrospective prodromal symptom burden (≥3 symp-
toms) in PD. This threshold was defined within the present dataset to capture a sub-
group with higher cumulative symptom load and is therefore interpreted in a descriptive 
rather than predictive or causal sense. Specifically, we aim to: (i) identify a minimal 
and stable biomechanical signature associated with high symptom burden; (ii) evaluate 
a data-driven balancing strategy to address class imbalance; and (iii) provide transparent 
model interpretation through explainability analysis. 

2 Methods 

2.1 Cohort and Outcome Definition 

We analyzed 275 individuals with idiopathic Parkinson’s disease (Hoehn & Yahr I– 
IV) recruited at two Italian centers (Latina and Pavia). All participants performed a 
standardized 30-m walk at self-selected speed using a lumbar inertial sensor (L5, 100 Hz). 
Assessments were conducted under stable medication conditions. 

Four non-motor symptoms (hyposmia, REM sleep behavior disorder, depression, 
constipation) were retrospectively extracted from clinical records. Participants were 
classified as high retrospective prodromal burden (PB+) if presenting ≥3 symptoms, and 
low burden (PB−) otherwise. This threshold was derived through exploratory evaluation 
of symptom-count configurations to balance class prevalence and stability. As such, it 
reflects a data-driven analytical definition and is not intended as a clinically validated 
cutoff, nor as evidence of prospective prodromal identification. 

2.2 Gait Features and Dimensionality Reduction 

From trunk acceleration signals, 35 biomechanical and clinical variables were extracted, 
including spatiotemporal parameters, harmonic-based indices (HR, iHR), recurrence 
metrics (DET), and multiscale sample entropy (MSE) along three axes. One artifact-free 
trial per subject (≥ 20 gait cycles) was retained.

A three-stage feature selection pipeline was applied. First, low-variance and highly 
correlated variables (|ρ| > 0.90) were removed, followed by ANOVA filtering (p < 0.05). 
Recursive feature elimination with Random Forest and Gini importance stability analysis 
were then used to identify robust predictors.
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Five features consistently emerged: MSE (medio-lateral, antero-posterior, vertical), 
vertical improved harmonic ratio (iHRv), and body weight. 

2.3 Data Balancing and Classification 

The dataset was split into training (80%) and testing (20%) sets using stratified sampling. 
Synthetic data augmentation was applied exclusively to the training set to avoid infor-
mation leakage. A Conditional Tabular GAN (CTGAN) was used to balance classes 
to a 1:1 ratio. Synthetic data quality was assessed through distributional comparison 
(Kolmogorov–Smirnov tests), correlation structure preservation (mean absolute error = 
0.082), and discriminator performance (AUC = 0.30), indicating high realism. A Ran-
dom Forest classifier was trained with hyperparameters optimized via five-fold cross-
validation. Performance was evaluated using ROC-AUC, PR-AUC, F1-score, and Brier 
score, with 1000-bootstrap confidence intervals.

To contextualize model performance, simpler baseline models (logistic regression 
and class-weighted Random Forest) were evaluated under the same train/test splits. 

2.4 Model Explainability 

Model interpretability was assessed using SHAP values to quantify global and individual 
feature contributions. Nonlinear effects were explored through partial dependence and 
interaction analysis (Friedman H-statistic). 

A shallow surrogate decision tree (depth = 3) was used to approximate model 
behavior and extract interpretable decision rules.

3 Results 

3.1 Cohort Characteristics 

The cohort included 275 individuals with Parkinson’s disease, of whom 110 (40%) were 
classified as high retrospective prodromal burden (PB+) and 165 (60%) as low burden 
(PB−). Groups were comparable in age, disease duration, motor severity (UPDRS III, 
Hoehn & Yahr), and medication exposure, indicating that differences were not driven by 
global disease stage. PB+ individuals showed lower age at onset and lower body weight, 
but no difference in fall history. 

3.2 Model Performance and Data Balancing 

The feature selection pipeline identified five stable predictors: multiscale entropy along 
three axes (MSEml, MSEap, MSEv), vertical improved harmonic ratio (iHRv), and body 
weight. 

In the original dataset, the Random Forest achieved ROC-AUC = 0.796 and F1 = 
0.624. After CTGAN-based balancing, performance improved to ROC-AUC = 0.838, 
PR-AUC = 0.863, and F1 = 0.760.
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Synthetic data validation confirmed preservation of data structure, with no significant 
distributional differences, correlation matrix MAE = 0.082, and low discriminability 
between real and synthetic samples (AUC = 0.30).

Baseline models (logistic regression and class-weighted Random Forest) showed 
consistently lower performance across all evaluation metrics, supporting the use of a 
nonlinear classifier. 

3.3 Explainability and Biomechanical Phenotype 

SHAP analysis identified MSEml as the dominant predictor, with higher values strongly 
associated with PB+. Reduced iHRv further contributed, indicating altered vertical rhyth-
micity and symmetry. Interaction analysis revealed a synergistic effect between MSEml 

and iHRv, suggesting that lateral gait complexity and vertical symmetry jointly charac-
terize the high-burden phenotype. A surrogate decision tree (depth = 3, fidelity = 0.84) 
confirmed this structure, with primary stratification driven by MSEml and subsequent 
splits involving gait speed, MSEv, and body weight (Fig. 1). Overall, the model identifies 
a consistent biomechanical phenotype characterized by increased lateral gait complexity 
and reduced rhythmic symmetry, independent of global motor severity. 

Fig. 1. Interpretable shallow decision tree (depth= 3; fidelity=0.84) approximating the ensemble 
model.

4 Discussion 

This study identifies a reproducible gait pattern associated with high retrospective 
prodromal symptom burden in Parkinson’s disease using single-sensor data and an 
interpretable machine learning framework. 

The dominant contribution of medio-lateral multiscale entropy indicates increased 
irregularity of trunk dynamics and altered lateral control in individuals with higher
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symptom burden. This pattern emerged independently of global motor severity, sup-
porting the interpretation that it reflects phenotypic heterogeneity rather than dis-
ease stage. Reduced vertical harmonic ratio provided complementary information, 
suggesting impaired rhythmicity and symmetry. Together, these features delineate a 
multi-dimensional disruption of locomotor control. 

The outcome definition requires careful interpretation. The ≥ 3 symptom thresh-
old was derived through data-driven optimization, introducing circularity and potential 
inflation of performance. Accordingly, this target should be considered an analytical 
construct rather than a clinically validated cutoff. Moreover, “prodromal” refers here 
to retrospectively coded symptom burden in diagnosed patients and does not imply 
prospective identification of prodromal PD.

From a methodological perspective, CTGAN-based balancing improved sensitiv-
ity, but its added value relative to simpler approaches remains uncertain. The inclu-
sion of body weight may reflect systemic or confounding effects rather than a direct 
biomechanical driver. 

Several limitations must be acknowledged. The cross-sectional design precludes 
causal inference, and external validation is required to assess generalizability. Retro-
spective symptom coding may also introduce misclassification. 

In summary, this work supports the existence of an interpretable gait phenotype 
associated with retrospective prodromal burden in PD, while highlighting the need for 
prospective validation and cautious interpretation of data-driven targets. 
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Abstract. Falls in Parkinson’s disease (PD) are commonly modeled as direct 
outcomes of isolated gait features, although wearable measurements are noisy 
indicators of broader motor-control processes. We propose a Bayesian latent-
threshold framework in which fall occurrence is modeled as the probabilistic 
manifestation of an unobserved gait instability construct. In 269 individuals with 
Parkinson’s disease performing a 30-m walk with a single L5-mounted inertial 
sensor, trunk-derived features were grouped into lower-trunk kinematics, rhyth-
micity–recurrence, and neuromotor complexity domains. Within-domain principal 
component analysis provided three domain-specific axes, which were integrated 
in a Bayesian hierarchical measurement model to estimate subject-specific latent 
instability with posterior uncertainty. Fall occurrence was then modeled using a 
Bayesian probit threshold formulation. Latent instability showed a positive asso-
ciation with fall occurrence (posterior probability β > 0 = 0.964), and the inferred 
threshold (τ ≈ 0.32) identified a transition region where small changes in insta-
bility produced the largest changes in fall probability. Counterfactual contrasts 
showed baseline-dependent risk reductions, maximal near the threshold. This 
framework reframes wearable fall-risk modeling from feature-level prediction 
toward uncertainty-aware latent digital biomarker inference.

Keywords: Parkinson’s disease · falls · Bayesian modeling · digital biomarkers 

1 Introduction 

Falls are a major source of morbidity in Parkinson’s disease (PD), yet individual fall 
susceptibility remains difficult to characterize [1, 2]. Wearable-sensor studies com-
monly estimate fall risk through direct associations between selected gait features 
and fall history [3, 4]. However, observable biomechanical metrics are noisy and par-
tial manifestations of broader motor-control processes rather than independent causal 
entities.
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Gait instability may instead be viewed as an unobserved construct emerging from 
coordinated lower-trunk kinematics, rhythmic regulation, and neuromotor complexity. 
Latent-variable models are well suited to infer such constructs from multiple imperfect 
indicators while explicitly accounting for measurement uncertainty [5, 6]. 

In addition, fall risk may not increase linearly with impairment, but may rise sharply 
once instability crosses a transition region. Motivated by this perspective, we propose a 
Bayesian latent-threshold framework in which trunk-derived wearable features are first 
summarized into domain-specific representations and then integrated into a hierarchical 
latent model. Fall occurrence is subsequently modeled through a probabilistic threshold 
function. 

Using data from 269 individuals with PD performing a standardized 30-m walk with 
a single lumbar inertial sensor, we evaluate whether latent gait instability provides an 
interpretable and uncertainty-aware representation of fall susceptibility. 

2 Methods 

2.1 Cohort and Feature Construction 

We analyzed 269 individuals with idiopathic Parkinson’s disease recruited at two Italian 
centers (Latina and Pavia). Participants performed a standardized 30-m straight walk at 
self-selected speed while wearing a single lumbar inertial measurement unit positioned 
at L5 (100 Hz). Fall occurrence was defined as at least one fall in the previous year. All 
assessments were performed in the clinically defined ON-medication state, i.e., during 
the expected symptomatic benefit of dopaminergic therapy. 

The analytical workflow consisted of feature extraction, domain reduction, latent 
instability estimation, and threshold-based fall modeling. Trunk acceleration signals 
were grouped a  priori  into three biomechanical domains: lower-trunk kinematics (pelvic 
tilt, obliquity, rotation), rhythmicity–recurrence (harmonic ratios, recurrence determin-
ism), and neuromotor complexity. The latter was quantified using multiscale sample 
entropy computed from trunk acceleration time series during the walking t rial.

Within each domain, standardized features were summarized using principal com-
ponent analysis (PCA). The first principal component (PC1) was retained to obtain one 
interpretable domain-level representation per construct and avoid over-parameterization. 
PC1 explained 52.9% of variance in lower-trunk kinematics, 30.8% in rhythmicity–recur-
rence, and 61.1% in neuromotor complexity. 

2.2 Bayesian Latent Instability Model 

Let yij denote the PC1 score of subject i in domain j. The three domain-specific scores 
were modeled as noisy indicators of a common latent gait instability variable sᵢ: 

yij ∼ Normal λj · si,  ψ  j
2

where λj are domain loadings and ψj 
2 are domain-specific residual variances. For iden-

tifiability, the loading of lower-trunk kinematics was fixed to 1. Individual latent scores
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were linked through a population distribution: 

si ∼ Normal 0,  σ  2s

Posterior inference was performed using Hamiltonian Monte Carlo. For each subject, 
latent instability was summarized by posterior mean mi and posterior variance vi. 

2.3 Threshold and Counterfactual Analysis 

Fall occurrence was modeled through a Bayesian probit threshold model: 

P falli = 1 | si,  τ  = Φ (si − τ)

where Φ is the standard normal cumulative distribution function and τ is the population-
level i nstability threshold.

Measurement uncertainty was propagated using si~Normal (mi, vi ). 
Counterfactual contrasts for hypothetical instability reductions Δs were computed 

as: 

ΔPi(Δs) = Φ(si − Δs − τ ) − Φ ( si − τ)

Posterior uncertainty was summarized using 95% highest density intervals (HDI). 

3 Results 

3.1 Latent Instability Structure and Association with Falls 

Within-domain principal component analysis yielded one dominant axis per biome-
chanical domain. PC1 explained 52.9% of variance in lower-trunk kinematics, 30.8% 
in rhythmicity–recurrence, and 61.1% in neuromotor complexity. Pairwise correlations 
among the three domain-specific axes were low (|r| ≤ 0.15), supporting complementary 
rather than redundant information.

In the Bayesian measurement model, rhythmicity–recurrence showed a positive load-
ing on latent instability (posterior mean 0.15, 95% highest density interval exclud-
ing zero), whereas neuromotor complexity showed weaker contribution. Posterior 
latent scores were continuous and well identified across participants (mean posterior 
SD ≈ 0.10). Latent instability showed a positive probabilistic association with fall occur-
rence. A one-standard deviation increase corresponded to an odds ratio of approximately 
1.4, with posterior probability P (β > 0) = 0.964.

3.2 Threshold Effects and Counterfactual Contrasts 

The Bayesian probit model estimated an instability threshold of τ ≈ 0.32 (95% HDI 
[0.10, 0.53]). Fall probability crossed 50% near this level and exhibited maximal slope 
in its vicinity (Fig. 1), identifying a transition region where small instability changes 
corresponded to disproportionately large risk changes.
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Counterfactual contrasts revealed baseline-dependent benefits under hypothetical 
instability reductions. For Δs = 0.3, the maximal posterior mean reduction in fall 
probability was approximately −0.12 and occurred near the inferred threshold. At the 
individual level, 73.9% of participants showed an absolute posterior mean reduction 
≥ 5%.

Posterior predictive checks showed close agreement between observed fall preva-
lence (0.392) and posterior predictive mean prevalence (0.389), indicating adequate 
calibration. 

Fig. 1. Threshold structure and baseline-dependent counterfactual effects. (a) Posterior mean 
probit curve linking latent gait instability to fall probability, with 95% credible interval and inferred 
threshold τ (mean and HDI). (b) Individual-level change in fall probability for Δs = 0.3 across 
baseline instability. (c) Posterior counterfactual contrasts for multiple Δs values, showing maximal 
sensitivity near the inferred threshold.
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4 Discussion 

This study supports the interpretation of fall susceptibility in PD as a thresholded man-
ifestation of an underlying latent gait instability process inferred from wearable trunk 
biomechanics. Rather than relying on isolated gait metrics, the proposed framework 
integrates complementary biomechanical domains into a single uncertainty-aware latent 
construct associated with fall occurrence. 

The estimated threshold suggests that fall risk may not increase uniformly across 
the instability continuum. Instead, a transition region emerges in which relatively small 
changes in latent instability correspond to disproportionately large changes in predicted 
fall probability. This may help explain why patients with similar observable motor sever-
ity can experience different fall outcomes. Counterfactual analyses further showed that 
hypothetical instability reductions yielded the greatest expected benefit near the inferred 
threshold. 

Several limitations should be acknowledged. Fall history was retrospectively 
assessed and dichotomized, introducing potential recall bias and preventing modeling of 
fall frequency. The study was cross-sectional and does not establish temporal causality. 
In addition, the numerical value of the inferred threshold may depend on the current 
acquisition protocol (30-m walk, single L5-mounted sensor, ON-medication state) and 
should therefore be externally validated in independent cohorts. 

In conclusion, a Bayesian latent-threshold formulation reframes wearable fall mod-
eling in Parkinson’s disease from feature-level prediction toward structured probabilis-
tic inference. If prospectively validated, this approach may support uncertainty-aware 
digital biomarkers and personalized fall-risk stratification. 
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Abstract. This study presents a weakly supervised framework for clin-
ical named entity recognition (NER) in emergency medicine, leverag-
ing ontology-aligned representations to enhance downstream modeling. 
From a corpus of 2,000 de-identified emergency department clinical notes, 
silver-standard annotations were generated using an automated annota-
tor that assigned SNOMED CT concept labels to extracted spans. These 
labels were subsequently mapped to six custom clinical entity categories, 
i.e., XUND types, through a predefined SNOMED CT mapping table. We 
implemented a sequence-based clinical NER approach using the domain-
specific language model medBERT.de t o classify entities according to
the derived XUND taxonomy. Our findings demonstrate the effective-
ness of this approach, achieving a macro-averaged F1-measure of 0.91
across all six XUND types. These results suggest that ontology-driven
weak supervision may help support effective NER systems in emergency
medicine.

Keywords: Natural Language Processing · Electronic Health 
Records · Machine Learning

1 Introduction and Motivation 

Clinical documentation in the emergency department is difficult due to unpre-
dictable arrivals and variable acuity [1]. Emergency medicine providers must 
capture reasoning and outcomes beyond billing, including ch anges in condition,
decisions, disposition, and instructions [15]. Documentation has grown longer 
due to multiple factors, such as efforts to enhance billing, mitigating malpractice 
risks, as well as leveraging electronic health record (EHR) tools. Large language 
model-assisted documentation may support this process but introduces risks
such as bias, hallucinations, privacy issues, and reduced clinical specificity [6]. 
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Therefore, NLP methods such as clinical NER require scalable labeling strate-
gies, where ontology-backed silver-standard annotations can complement costly 
gold-standard labels. Prior work surveyed biomedical semantic annotation tools
and their use for retrieval and EHR usability [9]. Multiple studies indicate that 
silver-standard corpora (SSC) can be competitive with gold-standard corpora 
(GSC), especially in cross-domain settings, and that SSC can support trans-
fer learning benefits [7,10]. For phenotype-oriented concept recognition, perfor-
mance varies by EHR tools and is limited by issues suc h as boundary errors,
abbreviations, and missing context [13]. Ontology-driven weak supervision and 
SSC-based transformer modeling have shown promising results in entity and
phenotype tasks, including multilingual settings [5,8,12,16]. 

In this paper, we evaluate automated annotation of German clinical dis-
charge summaries and train a sequence-model-based classifier on silver-standard 
annotations using ontology-based SNOMED CT mapping tables for entity clas-
sification. This study addresses the following research questions: (i) Can silver-
standard labeling combined with SNOMED CT mapping create a semantically 
coherent representation of clinical narratives suitable for downstream clinical
reasoning tasks? (ii) What performance can be expected from such a workflow,
and what are the implications of those performances?

2 Data and Methods 

Initial Dataset. The initial dataset consisted of 2,000 de-identified German 
clinical documents. These were extracted from an Austrian hospital network 
provider running an i.s.h.med-based clinical information system called open-
MEDOCS. The documents were all extracted from a department aimed at inter-
nal medicine and neurological cases in emergency situations.

Clinical Entity Types. The following six clinical entity types, named “XUND 
types”, were chosen for NER due to their relevance in emergency medicine by 
domain experts: Qualifier, MedicalCondition, Procedure, Location, HealthFac-
tor, and Medication. Qualifiers modify or specify another entity, e.g., “stechen-
der ”  (sharp)  in  “stechender Schmerz ” (sharp pain). MedicalCondition refers to a 
disease, disorder, or clinically relevant sign or symptom, e.g., “Appetitlosigkeit” 
(loss of appetite). Procedures denote a medical intervention performed for diag-
nostic, therapeutic, or preventive purposes, e.g., “Appendektomie” (appendec-
tomy). Locations indicate the anatomical site of a condition or health-related 
factor, e .g., “Gehirn” (brain) as the location of “Demenz ” (Dementia). Health-
Factor describes a behavioral, environmental, social, or personal factor that influ-
ences health, e.g., “Raucher ” (smoker). Medication is a pharmaceutical drug or
active substance used for treatment or prevention, e.g., “Metformin”.

Semantic Type Alignment. Annotation layers were defined in INCEp-
TION [3] and instantiated via a REST connection to the on-premise Averbis 
Health Discovery (AHD) pipeline using DKPro Cassis [11]. AHD is a UIMA-
based clinical text-mining platform [4]. AHD-generated SNOMED annotations
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were mapped to XUND types using a guideline-driven mapping table so that 
each span received both a SNOMED CT code and an XUND label. The map-
ping table covered all 368,268 active SNOMED CT concepts.

SNOMED CT GIT. The SNOMED CT Graz Interface Terminology 
(SNOGIT) links German clinical expressions, including jargon and short forms, 
to SNOMED CT to support text mining, coding, and semantic annotation [14]. 
It contains more than 8 million entries mapped semi-automatically to active 
SNOMED CT concepts to broaden coverage beyond standard terminology con-
tent.

Silver Standard Corpus. With the application of SNOGIT, the AHD pipeline 
generated silver-standard annotations that were converted to BIO (beginning-
inside-outside) labels for the six XUND types. Texts were split on document 
lev el into 80% training, 10% validation, and 10% test set. No additional text
pre-processing was applied.

Language Modeling. We fine-tuned medBERT.de [2] in a single fine-tuning 
run per XUND type. The German clinical BERT-based model was pre-trained 
on approximately 4.7 million clinical and health-related texts for sentence-level 
NER (max 512 tokens). Training used BIO-formatted SSC labels for 50 epochs
(NVIDIA TITAN V; learning rate .2 × 10−5, batch size 64, weight decay 0.01; 
training runtime 9.25 h per entity type). Evaluation was conducted at exact 
entity-level matching of the BIO labeling format. Performance was reported as 
macro-averaged precision, recall, and F1-measure over six XUND types, using
the curated SSC as ground truth, similar to prior SSC work [5,7,16]. 

3 Results and Discussion 

The SSC contained 180,372 annotations across 2,000 documents. Table 1 sum-
marizes NER performance, with a macro-averaged F1-measure of 0.91 on the 
test set and only small differences across XUND types, ranging from 0.89 to 
0.92. Although experimental setups differ, this result was consistent with prior
SSC and GSC findings (0.86 vs. 0.88 in Fries et al. [5]) and within the range 
reported for SSC-based transformer models (0.90 in Wang et al. [16] and up 
to 0.79 in MedProcNER [12]). Error analysis showed problems leading back to 
lexical variations and terminology coverage, similar to Oellrich et al. [13]. 
System Limitation. Ontology alignment was limited by SNOMED CT cover-
age; rare, colloquial, or institution-specific expressions might have been missed. 
SNOGIT mitigated this issue for common local variants. The rule-based map-
ping of SNOMED to XUND labels could be rigid; however, because all active 
concepts in the reference terminology were included, overall NER coverage was
likely only minimally affected. Our results on SSC are provisional and tied to
the silver-labeling process, while further GSC evaluations are needed.
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Table 1. NER results on the test set with medBERT.de language model.

XUND type Precision Recall F1-score Support 
Qualifier 0.91 0.93 0.92 6,677 
MedicalCondition 0.88 0.90 0.89 3,814 
Procedure 0.89 0.93 0.91 2,713 
Location 0.90 0.89 0.89 1,484 
HealthFactor 0.93 0.91 0.92 890 
Medication 0.89 0.94 0.91 300 
macro-avg 0.90 0.92 0.91 

4 Conclusion and Outlook 

An automated SNOMED CT-based clinical NER pipeline was developed using a 
silver-standard corpus and a fine-tuned medBERT.de model to identify six cus-
tom XUND entity types. The results suggest that ontology-driven weak super-
vision can support NER systems in emergency medicine and serve as a pre-
annotation step to reduce manual labeling effort. Future work will focus on 
relation extraction and annotation of GSC to measure SSC-GSC performance 
gaps, enabling privacy-preserving, on-premise deployments. 
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Abstract. Generative genomic language models (gLMs) can produce nucleotide
sequences that appear statistically plausible while violating essential biologi-
cal constraints. We present VirGen2, a compact model specialized via continual
pretraining on a pan-viral corpus. Generations were evaluated across sampling
temperatures and different prompt lengths against natural sequences, the base
pretrained model, and 3/6-mer Markov baselines. Validation combined genera-
tion diagnostics, BLASTn similarity against NCBI Viral RefSeq, viral signature
detection with geNomad, open reading frame assessment, mutation profiling, and
structural evaluation with AlphaFold2. VirGen2 generated substantially more bio-
logically coherent sequences than baselines, particularly at low temperature. Fur-
thermore, a k-mer containment audit demonstrated internalization of viral syntax
rather than memorization of training data. Several outputs on a focused candi-
date case-study showed viral-like signatures, intact coding regions, and predicted
protein structures consistent with known viral proteins. These findings suggest
that domain-adapted compact gLMs can learn biologically meaningful viral con-
straints, while highlighting limitations such as controllability, novelty assessment,
and experimental validation.

Keyword: Generative AI · Genomics · Synthetic Virology

1 Introduction

Genomic language models (gLMs) extend methods from Natural Language Process-
ing to biological sequences by learning statistical regularities from large collections of
DNA or RNA [1, 2]. These models have shown promising results in genome representa-
tion, annotation, and sequence generation [3]. Viral genomics is a particularly relevant
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but challenging domain for such approaches. Viral genomes are compact, diverse, and
strongly constrained by coding requirements, yet they vary widely in organization, repli-
cation strategy, and evolutionary dynamics [4]. As a consequence, generated sequences
may appear plausible at the nucleotide level while being biologically invalid, for instance
due to disrupted open reading frames or premature stop codons. Recent viral sequence
models have demonstrated the potential of language modeling for studying viral evo-
lution and protein variation [5, 6]. However, there is not a current pan-viral generative
model available and evaluation of outputs is in a very early-stage in this field.

In this work, we introduce VirGen2, a compact 17 M-parameter autoregressive gLM
trained on complete viral genomes, and we evaluate its ability to generate potentially
biologically plausible viral DNA. The aim is not to claim the generation of functional
de novo viruses, but to assess whether the model preserves measurable viral properties.
We compare VirGen2 outputs with baselines and natural viral sequences, analyze the
effect of sampling temperature, and perform deeper mutational and structural validation
on selected candidates.

2 Methods

2.1 VirGen2: Data Processing, Model Architecture and Training Process

Data Curation and Pre-processing. VirGen2 was trained on a curated collection
of complete viral genomes obtained from public repositories, including NCBI Virus,
BV-BRC, GISAID, LANL-HIVdb, and HBVdb. To reduce taxonomic imbalance, taxa
with fewer than 100 genomes were excluded, and highly represented species, including
SARS-CoV-2 and Influenza A, were downsampled. The final corpus included 565,747
complete genomes from 295 viral species and was split into training and held-out test
sets.

Model Architecture and Training Process. The model is based on the Mistral-DNA
framework, a decoder-only transformer adapted for causal language modeling on human
genomic sequences [7]. DNA sequences were tokenized using a DNA-adapted Byte-Pair
Encoding tokenizer, which represents frequent nucleotide motifs as subword units rather
than individual bases [8]. This reduces sequence length and allows the model to capture
recurrent viral sequence patterns. VirGen2 was obtained through continual pretraining
from Mistral-DNA-v1-17M-hg38 weights using an autoregressive objective. Training
used AdamW optimization [9], a learning rate of 5e−4, weight decay of 1e−2, gradient
accumulation, FP32 precision, gradient clipping, validation at each epoch, and early
stopping based on validation loss.

2.2 Experimental Design and Evaluation Pipeline

Conditional generation was evaluated using prompts extracted from a held-out SARS-
CoV-2 test set. Prompts were sampled from both conserved and variable regions and
tested at four lengths: 30, 60, 124, and 248 base pairs. For each configuration, VirGen2
generated 10 independent sequences with a maximum length of 500 tokens. Sampling
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was performed at temperatures of 0.2, 0.5, and 0.8. Evaluation followed a hierarchical
validation pipeline: (1) generation diagnostics including sequence length and bases-per-
token; (2) sequence similarity via BLASTn against NCBI Viral RefSeq [10]; and (3)
viral signature detection with geNomad v1.11.2 [11]. Candidates were then stratified
into “High-Fidelity” and “Innovation” groups based on BLAST identity and coverage
for deep profiling, including open reading frame assessment, mutational profiling, and
AlphaFold2 structural validation [12, 13]. Finally, to distinguish generative novelty from
memorization, we performed a memorization audit on the stratified groups using the
Sourmash library, quantifying 31-mer containment against the complete training corpus
(scale = 1).

3 Results

Fig. 1. BLASTn hits of (A) VirGen2 T = 0.2, (B)Mistral-DNA baseline (C) Natural sequences
vs. NCBI Viral RefSeq, distributed by Percent Identity and Query Coverage and colored by
significance (E-value). (D) Count of sequences along geNomad Virus Scores for the 5 sequence
types.
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3.1 Generation Behavior

VirGen2 generated sequences corresponding to approximately 1.7–1.9 kb at the 500-
token limit. Temperature strongly influenced output stability. At T = 0.2, generations
were more consistent and did not collapse into very short sequences. At T = 0.5 and
T = 0.8, outputs became more variable, with occasional short generations and reduced
biological coherence. For this reason, T = 0.2 was selected for deeper candidate-level
analysis.

3.2 Quantitative Homology Assessment and Viral Signature Identification

BLASTn analysis showed that VirGen2 produced sequences with substantially stronger
similarity to known viral genomes than baselines. At T= 0.2, VirGen2 generated 58,704
BLAST hits with several significant matches (E-value= 0) (Fig. 1A), whereas Markov-
chain 3-mer and 6-mer baselines produced only 10 and 3,117 respectively. Natural viral
sequences produced 257,380 hits and served as an upper-bound reference (Fig. 1C).
Higher temperatures reduced the number and quality of valid hits, with 4,143 hits at T=
0.5 and 10,197 at T = 0.8. These results indicate that low-temperature sampling better
preserves recognizable viral sequence structure. The Mistral-DNA baseline generated
81,964 total alignments; however, their poor E-values suggest these are spurious hits
against repetitive motifs rather than genuine viral signatures (Fig. 1B).

geNomad analysis revealed that VirGen2 (T = 0.2) yielded 5,990 high-confidence
viral calls (score > 0.9), whereas all baselines produced negligible results in this range
(Fig. 1D). This indicates that VirGen2 captures global genomic organization and coding-
region constraints that are absent in stochastic baselines.

3.3 Mutational Profiling and Structural Validation

Deep mutational and structural profiling prioritized High-Fidelity (HIV-1) and Inno-
vation (Dengue, HepB, RSV) cohorts. In the High-Fidelity group, 26/27 HIV-1 gag
candidates maintained intact ORFs; AlphaFold2 confirmed fold stability for p24 (mean
pLDDT 93.1, pTM 0.85) and p17 (pLDDT 87.2, RMSD 1.45 Å) despite significant
mutational drift. Innovation candidates exhibited higher divergence; while 7/15 were
filtered for internal stop codons, surviving ORFs for Dengue capsid (RMSD 2.03 Å) and
envelope (pLDDT75.1) remained structurally foldable. Conversely, HepB andRSV can-
didates showed lower confidence (pLDDT<50), demarcating the current boundaries of
model stability in divergent generation.

3.4 Memorization Audit

Audit results confirm VirGen2 is a generative synthesizer, not a retrieval tool. High-
Fidelity 31-mer containment was 30.2%, while Innovation candidates reached 39.0%.
Total k-mer novelty (>60%) confirms exploratory synthesis through motif reorganiza-
tion rather than training set replication.
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4 Conclusion

VirGen2 demonstrates that a compact, 17 M-parameter model specialized via domain
adaptation on pan-viral corpora can effectively internalize viral syntax and genomic con-
straints. Our benchmarks against the unadapted base Mistral-DNAmodel and stochastic
baselines confirm that domain-specific training is essential for generating potentially
plausible viral components. We implemented an end-to-end bioinformatics pipeline to
hypothesize the viability of these sequences; however, these in silico validations are
not definitive proof of biological function. Biology is inherently multifactorial, and rig-
orous wet-lab testing remains a mandatory future step to confirm true viral activity.
Another primary limitation is taxonomic controllability: the model often drifts toward
other species despite specific SARS-CoV-2 prompting. This is likely a consequence
of the small parameter size and restricted context window. Future research will focus
on hybrid architectures, combining long convolutions with attention to extend context
capacitywhilemaintaining parameter efficiency, alongside instruction-tuning for precise
control.

Acknowledgments. We recognize dual-use risks, and we have elected not to publish the
model weights. We strongly encourage the establishment of international guidelines and ethical
frameworks regarding the development and release of generative genomic models.
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Abstract. Clinical assessment documentation remains time-consuming 
and inconsistent across providers, limiting scalability in rehabilitation 
and broader healthcare settings. We present a reinforcement learn-
ing (RL) framework that automates clinical report generation while con-
tinuously adapting to provider feedback, designed to generalise across 
standardised assessment instruments. A human-in-the-loop RL agent 
learns provider-specific documentation preferences through single-step 
feedback episodes, updating a three-component reward that captures 
report acceptance, feedback sentiment, and contextual appropriateness 
whose weighting coefficients are themselves learned adaptively by the 
agent. Evaluated on five synthetic patient scenarios and four clinically 
motivated edge cases, the system achieves 88.9% overall accuracy and
96.4% edge-case accuracy, outperforming manual, rule-based, template-
LLM, and standard RL baselines on every reported metric. These results
demonstrate that feedback-driven policy adaptation is a viable and
broadly applicable mechanism for personalised clinical documentation
support.

Keywords: Reinforcement Learning · Clinical Documentation · 
Human-in-the-Loop · Adaptive Reward · Clinical Assessment ·
Multi-Agent Systems

1 Introduction 

Standardised clinical assessments are central to rehabilitation and chronic disease 
management, yet the manual generation of assessment reports remains slow, 
inconsistent across providers, and difficult to scale. Intelligent documentation 
systems must not only generate accurate reports but also adapt to the varying
preferences of individual clinicians and institutional workflows.

Reinforcement learning (RL) is well suited to this problem because providers 
accept or revise reports rather than supplying ground-truth l abels precisely the
interaction signal an RL agent can exploit [1,2]. Existing systems fall short i n two
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ways: rule and template-based tools cannot learn from provider corrections, and 
prior RL approaches model feedback as a binary signal, ignoring its quality and
clinical context [3]. 

We present a human-in-the-loop RL agent for adaptive clinical documenta-
tion that addresses both limitations through a three-component feedback-aware 
reward with adaptively learned weighting coefficients. The agent is designed as a 
general-purpose quality assurance component applicable to any structured clin-
ical assessment system, not limited to a single instrument or speciality. Our 
contributions are: (1) an RL agent that learns provider-specific documentation 
preferences from direct feedback, applicable broadly across clinical assessment 
w orkflows; (2) a three-component reward whose coefficients are learned by the
agent, enabling nuanced adaptation beyond binary signals; and (3) evaluation
across five patient scenarios and four clinical edge cases demonstrating consistent
gains over four baselines.

2 Methodology 

2.1 Reinforcement Learning Agen t

The RL agent operates as an adaptive quality assurance component within a 
broader clinical assessment pipeline. It receives patient assessment data, struc-
tured scoring outputs, and direct provider feedback, and uses these to continu-
ously refine its report generation policy. The agent is designed to be assessment-
agnostic: while ev aluated here on a specific functional assessment instrument, its
architecture generalises to any system that produces structured patient scores
and relies on clinician review cycles.

State Representation. st = {Pt,  Ft,  Ht,  Ct},  where  Pt ∈ Rn is the vector of n 
assessment task scores; Ft ∈  {low, moderate, high} is the functional level derived 
by thresholding Pt; Ht records recent provider feedback events; Ct encodes 
patient ID, session count, and historical acceptance rate. Encoded as φ(st) =
[norm(Pt); embed(Ft); agg(Ht); enc(Ct)].

Action Space. at ∈  A  = T × I × Ap ×D controls recommendation type, inten-
sity, therapeutic approac h, and documentation detail level (one-hot encoded,
concatenated).

Policy. Q-learning with neural-network approximation (lr 0.001, batch 512, 
replay buffer) learns πθ via πθ(at | st) = softmax(fθ(st))a.

Reward Function. The total reward decomposes into three components: 

R(st,  at,  ft)  =  α  Racc(ft)  +  β  Rqual(ft) + γ Rctx(st, at), α + β + γ = 1. (1) 

Racc(ft)  =  +1  if the provider accepts the report, −1 otherwise. Rqual(ft)  =  
sentiment(ft) ∈ [−1, 1] rewards constructive, specific textual feedback and
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penalises vague or critical responses. Rctx(st,  at) ∈ [0, 1] measures action– 
stratum alignment via cosine similarity to a functional-level prototype (e.g., high-
intensity recommendations s uit low-functioning patients). α, β, γ are learned
adaptively alongside θ.

3 Experimental Evaluation 

3.1 Setup 

Hardware and Software. Python 3.9, 16-GB multi-core CPU, optional NVIDIA 
GPU; RL learning rate 0.001, batc h size 512, LLM temperature 0.4.

Patient Scenarios. Five synthetic patient profiles spanning the full functional 
spectrum were constructed (Table 1). Synthetic data enable controlled, repro-
ducible evaluation without exp osing real patient records.

Table 1. Five synthetic patient scenarios used for evaluation, representing diverse 
functional profiles from high to low functioning.

ID Profile Functional Leve l Total Scor e
P001 High-functioning High 36/36 
P002 Low-functioning Low 9/36 
P003 Mixed impairment Moderate 20/36 
P004 Domain-specific weakness Moderate 28/36 
P005 Isolated deficit High 31/36 

Edge Cases. Four profiles stress-test robustness across clinically critical fail-
ure modes: All Zeros (complete inability to perform any task); Extreme Mixed 
(alternating maximum and minimum scores across domains); Single Task Failure 
(isolated deficit, all other tasks intact); and Bor derline Scores (near-threshold
presentation across all tasks). These cover incomplete assessments, contradictory
inter-domain findings, and ambiguous intervention thresholds.

Feedback Scenarios . Four feedback types were evaluated: summary clarity, tech-
nical depth of score analysis, recommendation specificity, and report format-
ting/structure.

Baselines. Manual [5]: clinician-authored, no automation. Rule-based [6]: 
fixed templates, no learning. Template LLM [7]: static-prompt LLM, no adap-
tation. Standard RL [8]: RL without our feedback-aware reward.
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3.2 Metrics 

Overall accuracy: fraction of correctly generated report elements (patient ID, 
scores, deficit identification, clinical terminology) averaged over the five patient 
scenarios. Edge-case accuracy: same measure over the four adversarial pro-
files. Feedback integration and learning capability: whether the system 
successfully incorporates each feedback type and improves o ver repeated inter-
actions (scored 0–100). Response-time efficiency: normalised inverse latency
(manual baseline 15–30min 20%; automated target <30 s → ≈90%).

3.3 Results 

Overall Performance . As  shown  in  Fig. 1, our agent achieves 88.9% accuracy 
(+6.4 pp over standard RL), 96.4% edge-case accuracy (+16 pp), and 90% 
response-time efficiency. Uniquely, it reaches 100% on both feedback integration
and learning capability–metrics where all other baselines score 50% or below.

Fig. 1. Benchmark comparison heatmap across five evaluation criteria: accuracy, edge-
case performance, feedback integration, learning capability, and response time. Our 
enhanced RL agent (rightmost column) achieves the highest score on all metrics.

Scenario-Level Accuracy. P002 (low-functioning) 100%; P001/P004/P005 each 
88.9%; P003 (mixed impairment) 77.8%–the lowest, reflecting difficulty identi-
fying all weak and strong areas in multi-deficit profiles.

Edge-Case Analysis. 100% on All Zeros, Single Task Failure, and Borderline 
Scores. Extreme Mixed degrades to 85.7%: alternating high/low scores create 
conflicting functional-level signals for Rctx. Uncertainty-aware classification is a
direct future improvement.

Feedback Processing . All four feedback types processed successfully in 100% of 
trials, with reports regenerated and learning data recorded every time.
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Clinical Summary Quality. The system consistently used appropriate clinical 
terminology, averaging 8 out of 9 target medical terms per report. Task-specific 
references appeared in an average of 6.2 out of 9 possible domains per summary. 
All generated r eports used first-person clinical writing style (100% compliance),
and 100% included specific, actionable rehabilitation recommendations tailored
to the identified deficits.

Learning Effectiveness. Across repeated feedback interactions, the agent demon-
strated progressive policy improvement: the success rate in report regenera-
tion remained at 100% across all sessions, while pattern learning accumulated 
provider preferences to reduce response latency over time. The simplified learning 
mechanism without adve rsarial debate components reduced processing overhead
by approximately 40% compared to prior multi-agent debate architectures, while
maintaining or improving accuracy.

Statistical Robustness. The 95% confidence interval for overall accuracy was 
85.2% - 92.6%, confirming statistically significant performance above baseline 
manual documentation (70.0%). Standard deviation across the five patien t sce-
narios was 8.7%, indicating consistent behaviour regardless of functional status.

4 Conclusion 

This work demonstrates that a three-component feedback-aware reward with 
adaptively learned coefficients enables nuanced provider preference capture 
beyond binary accept/reject signals, yielding consistent gains across all base-
lines. The human-in-the-loop design where accepted reports reinforce the policy 
and corrections drive targeted updates proves effective for personalising clinical 
documentation at scale. Crucially, the RL agent is designed as an assessment-
agnostic quality assurance component: i ts architecture places no assumptions on
the underlying clinical instrument, making it applicable across rehabilitation,
chronic disease management, and other structured assessment workflows where
provider feedback drives continuous improvement.
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Abstract. Over 180,000 people died of oral cancer worldwide in 2022 
with most cases being diagnosed at late stages. Current diagnostic 
practice requires a scalpel biopsy which is invasive, painful, and time-
consuming. In this work we investigated the potential use of electrical 
impedance spectroscopy (EIS) for fast and non-invasive oral cancer diag-
nosis. A small, harmless electrical current is applied to an oral lesion 
to obtain impedance measurements which can be used to infer infor-
mation about the tissue structure. This work compares three artificial 
intelligence (AI) algorithms: logistic regression, support vector machines 
(SVM), and long short-term memory (LSTM) networks in classifying 
pre-cancerous and cancerous lesions from EIS readings collected from 
a small cohort of 35 patients. We found that LSTMs performed the
best with a balanced accuracy of 82.3%. We incorporate demographic
and clinical data into these models and found that performance was
improved, with the LSTM achieving a balanced accuracy of 85.1%. This
work demonstrates that the combination of EIS and AI can serve as
a rapid, non-invasive, and painless diagnostic approach, complementing
existing techniques for the detection of pre-malignant lesions and oral
cancer.

Keywords: Electrical Impedance Spectroscopy · Oral Cancer · 
Artificial Intelligence

1 Introduction 

Oral cancer caused over 180,000 deaths worldwide in 2022, with over half of 
cases being diagnosed at stage four which carries very poor survival rates [1,8]. 
Currently, scalpel biopsies are required to diagnose oral cancer; a sample of tissue 
is taken from the suspicious lesion, processed, and examined under a microscope
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by a histopathologist. Oral biopsies are invasive, and carry the risk of infection 
in addition to having long wait times for histological analysis [6]. This may 
delay treatment, reducing patients’ life expectancy and quality of life. As such, 
it is important that fast and non-invasive diagnosis techniques are developed. 
Existing research has focused on visible-light photography, molecular and cellular
imaging, and medical data analysis, demonstrating promising results but also
notable limitations in certain clinical applications [5], thereby highlighting the 
need for new techniques to address these challenges.

Electrical impedance spectroscopy (EIS) applies a small, harmless electrical 
current at varying frequencies to an oral lesion to measure the tissue’s impedance. 
From these measurements information about the structure of the tissue can be
inferred [2]. Statistically significant differences have been found between the EIS 
readings of healthy and cancerous tissue, while differentiating b etween different
oral pathologies using EIS is not as simple [4,9]. Differentiating between healthy 
and pathological tissue is of limited clinical relevance as a patient with no lesion 
is unlikely to be seen by a clinician, although healthy controls may be used 
as a baseline for clinical comparison. Despite this, limited work has focussed 
on differentiating between cancer and non-cancer pathologies, with only one
previous work using AI to classify low and high risk oral lesions using EIS [7]. 

Given the ability of artificial intelligence (AI) to identify complex patterns it 
may be able to better differentiate pre-malignant and cancerous tissue using EIS 
readings than simple statistical testing. In this work we develop AI models to 
classify between EIS signals from cancerous and pre-malignant lesions, compare 
the efficacy of differen t model types, investigate the impact of integrating demo-
graphic and clinical data into classification systems, and discuss the potential
implementation of these systems within clinical practice.

The paper is organised as follows. Section 2 describes the dataset and AI clas-
sification methods used in this work. Section 3 reports the classification results 
and the effect of incorporating clinical and d emographic data as input to the
classifier. In Sect. 4 we conclude the paper and d iscuss future work.

2 Materials and Methods 

2.1 Dataset 

The collection of the data was approved by the National Research Ethics Service 
(no. 11/H0903/4) and the University of Sheffield Research Ethics Committee and 
was conducted in compliance with the Helsinki Declaration. Each subject agreed
to participate in the study with signed, informed consent.

The dataset used in this work comprises of 35 patients recruited from a 
single hospital in the UK. Of these patients 10 had oral cancer, and 25 had 
pre-malignant lesions. The EIS readings comprise of both real (resistance) and 
imaginary (reactance) parts from 14 frequencies from 76 Hz to 625 kHz. Multiple 
readings were taken for some patients resulting in a total of 57 readings, 40 from
pre-malignant patients and 17 from cancer patients. This dataset also includes
the sex, age, smoking status, and alcohol consumption of each patient. Smoking
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status and alcohol consumption were categorised using the classes in the health
survey for England [10]. A full description of this dataset has been published b y
Murdoch et al. [9]. 

2.2 Artificial Intelligence Classification 

This work evaluated three AI algorithms: logistic regression, support vector 
machine (SVM), and long short-term memory (LSTM) network. Three-fold 
cross-validation was performed, with hyperparameters optimized using a grid 
search. To prevent data leakage, training and validation folds were split at the
patient level. EIS readings were scaled using z-score normalization.

Logistic regression was chosen as a baseline model due to its simplicity. 
An SVM was included as a model capable of modelling non-linear decision 
boundaries. An LSTM was chosen for its ability to capture dependencies in 
sequential data. EIS represents the Fourier transform of the impulse response 
of the inspected tissue, pro viding a physically interpretable view of the tissue’s
behaviour in the frequency domain. The LSTM preserves the underlying infor-
mation about tissue dynamics contained in the original time-series signal.

Due to the limited size of the dataset, the models were evaluated using cross-
validation. This allows for more efficient use of d ata than using a holdout test set
while giving a robust understanding of model generalization [3]. All models were 
evaluated using balanced accuracy, precision, recall, and area under the receiver-
operating characteristic c urve (AUROC) at a standard decision threshold of 0.5.

The EIS data is input to the logistic regression and SVM models as a tabular 
input. For the LSTM, the EIS data was stacked such that the real and imaginary 
components could be separately encoded by the LSTM unit. The SVM and
logistic regression models were optimised to maximise balanced accuracy. The
LSTM was optimised to minimise binary cross-entropy.

We also investigated the use of patient age, sex, smoking status, and alcohol 
consumption alongside the EIS readings. This data was concatenated to tabular 
EIS data for SVM and logistic regression. For the LSTM, the patient data were 
fed into a dense unit separately to the EIS data, which is fed into an LSTM unit.
The output of these units was then concatenated and fed into the hidden layers.

3 Results and Discussion 

Table 1 shows the performance of the AI models across three-fold cross validation,
presented as mean .± standard deviation. The best results were found when 
training an LSTM model, achieving a balanced accuracy of 0.823, precision of 
0.742, recall of 0.767, and AUROC of 0.821. This method outperforms logistic 
regression and SVM for both balanced accuracy and precision. All three models 
have the same recall, possibly due to the small number of cancer cases. The
SVM has the highest AUROC score suggesting that threshold adjustment may
improve the performance of this model.
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Table 1. The results of the classification models when using the EIS readings as the 
sole input to the system. The best performance for each metric is bolded.

Model Balanced Accuracy Precision Recall AUROC 
Logistic Regression.0.796± 0.038 .0.653± 0.020 .0.767± 0.072. 0.815± 0.030

SVM .0.808± 0.050 .0.697± 0.075 .0.767± 0.072. 0.851± 0.036

LSTM .0.823± 0.032 .0.742± 0.082.0.767± 0.072. 0.821± 0.036

Table 2 shows the classification results when incorporating demographic and 
clinical data into the model input alongside the EIS readings. Both the SVM and 
LSTM see an increase in balanced accuracy, precision, and AUROC compared 
to using the EIS readings alone, for the LSTM, recall also increases. The LSTM 
has the best balanced accuracy (0.851) and recall (0.822), however the SVM has 
the highest precision (0.808) and AUROC (0.875). This, again, suggests that
threshold adjustment may improve the performance of the SVM. The logistic
regression model sees a decrease across all metrics when patient data is used.

Table 2. The results of the classification models when using EIS readings and patient 
data as input. T he best performance for each metric is bolded.

Model Balanced Accuracy Precision Recall AUROC 
Logistic Regression.0.709± 0.062 .0.556± 0.079 .0.656± 0.228 . 0.788± 0.063

SVM .0.838± 0.020 .0.808± 0.153.0.767± 0.072 . 0.875± 0.033

LSTM .0.851± 0.047 .0.756± 0.063 .0.822± 0.137. 0.844± 0.078

These results show that EIS may be useful when differentiating between 
oral pre-malignant lesions and cancer. We also see that using demographic and 
clinical data can improve system performance. The best overall model is the 
LSTM with clinical and demographic data used as input alongside EIS readings.
However, we must consider the possibility of overfitting, especially within the
LSTM, due to the small dataset used in this work.

4 Conclusions and Future Work 

This work shows that EIS readings can be used to classify between oral pre-
malignant lesions and cancer, with the integration of demographic and clinical 
data shown to improve the classification performance. The best performance was
achieved using an LSTM with EIS readings and patient data as an input.

Future work should look at increasing the quantity of data available as it 
is important to increase the number and diversity of patients tested to ensure 
generalisability. There should also be a focus on the integration of further demo-
graphic and clinical data including lesion images. We must also consider the
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fairness of the system ensuring that it will not introduce biases against certain 
patient groups. Interpretability of classification models should be considered, 
a simple interpretable model, may be preferred o ver network-based solutions.
Explainability methods outside of classifier architecture may also be considered.

Future work should consider additional non-cancer pathologies as well as 
investigating how different areas of the mouth affect EIS readings. Future work 
should consider other potential clinical uses of EIS, such as, tracking the progress 
of pre-malignant lesions and providing surgical support to ensure all cancerous 
tissue is resected while minimising the amount of healthy tissue removed. 
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Abstract. Impaired balance is a common symptom of neurological and 
cognitive disorders and is strongly linked to fall risk and functional 
decline. Standardized balance assessments are widely used but typi-
cally rely on in-person supervision and subjective scoring. We present 
a vision-based framework for objective assessment of three clinical bal-
ance tasks–Romberg Outstretch, Balance on One Foot, and Arise from 
Chair–using monocular video. The system employs real-time 2D pose 
estimation to extract body landmarks and derives a compact set of 
interpretable geometric features, including arm height, ankle elevation 
differences, joint relationships, lateral sway, and hip trajectories. Task-
specific state machines with temporal hysteresis compute clinically rel-
evant metrics such as hold duration, single-leg stance time, foot-down
events, and time-to-stand with sway. Experimental results demonstrate
reliable performance under typical recording conditions, while ablation
studies highlight the importance of task-aligned constraints in preventing
premature or optimistic scoring. Overall, the proposed approach provides
a transparent and low-complexity solution for remote and in-clinic bal-
ance assessment.

Keywords: Vision-based assessment · Balance analysis · Pose 
estimation · Remote clinical monitoring · Neurological motor tasks

1 Introduction 

Balance impairments are common in neurological and cognitive disorders and 
are strongly associated with fall risk and functional decline [1–3]. Standardized 
clinical tasks such as Romberg variants, single-leg stance, and sit-to-stand tests 
are widely used but rely on in-person supervision and subjective scoring, limiting
monitoring frequency and introducing variability [4,5]. 

Recent advances in computer vision enable reliable extraction of 2D pose 
landmarks from mono cular video without specialized hardware, supporting
c The Author(s), under exclusive license to Springer Nature Switzerland AG 2027 
P. Andreev et al. (Eds.): AIME 2026, LNAI 16749, pp. 271–275, 2027. 
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remote and in-clinic assessment [6,7]. We propose the Automated Movement 
Examination (AME) system, which combines pose estimation, scale-normalized 
geometric features, and lightweight task-specific state machines to produce inter-
pretable and robust balance metrics from unconstrained video. S keleton-based
representations enable efficient and interpretable human motion analysis from
joint trajectories [8,9]. Balance assessment is important due to its association 
with fall risk and functional decline [2]. Standardized tasks remain widely used
[5], while vision-based approaches enable contactless assessment but require 
explicit task logic for clinically meaningful outputs [6]. 

2 Methodology 

We derive balance metrics from monocular video using real-time 2D pose land-
marks and scale-normalized geometric features (e.g., arm height, ankle elevation, 
lateral sway). These are evaluated with lightweight task-specific state machines 
using visibility gating and temporal hysteresis to suppress noise and prevent
premature transitions, enabling robust and interpretable measurements.

2.1 Task Design and Logic 

We consider three standardized clinical tasks, implemented using rule-based c ri-
teria applied to pose landmarks:

Romberg Outstretch: Measures postural stability with arms at shoulder 
height. Timing begins once this posture is satisfied and ends upon excessive 
sw ay or arm drop using torso-normalized thresholds, returning hold duration
and failure status.

Balance on One Foot: Evaluates single-leg control by detecting elevation of 
the non-stance ankle relative to the stance ankle. Time is accum ulated during
valid stance, with interruptions recorded as foot-down events.

Arise from Chair: Assesses sit-to-stand performance by detecting stable sit-
ting, rise initiation via upward hip motion, and final standing confirmation. 
Time-to-stand is m easured from sitting to standing, with sway computed from
lateral hip motion.

2.2 Mobility Score Computation 

Scores are computed frame-by-frame using pose landmarks, integrating (i) visi-
bility gating, (ii) body-scale-normalized thresholds, and (iii) short temporal sta-
bility windows to avoid spurious transitions. Timing is derived directly from
video timestamps.

3 Experiments 

We evaluate the system on Romberg Outstretch, Balance on One Foot, and Arise 
from Chair using ablation studies and comparison against human annotation.
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Table 1. Romberg ablation ( s).

Scenario H AME -Sw -Arm 

Correct 14.25 14.25 14.25 14.55 
45◦ obl. 12.25 12.25 12.25 12.80 
Above w. 0 0 0 0 
Diff. ht. 0 0 0.10 13.60 
Swinging 5.50 5.50 5.60 10.65 
High sway 11.85 11.85 12.40 12.65 

Table 2. Arise-from-Chair ablation. 

Scenario Time Sway 
H AME H AME 

Correct 7.70 7.90 22.04 22.04 
Multi fail 22.50 22.29 13.05 13.05 
Slow 20.76 20.76 10.08 10.08 
No rise 0 0 0 0 
Straight 12.11 12.26 1.54 1.54 

3.1 Experimental Setup and Evaluation 

Videos were recorded using monocular cameras without markers. Ground truth 
included Romberg hold time, single-leg stance with foot-down counts, and sit-
to-stand time with sway, verified by a second rater. A single pose estimator with 
visibility gating, scale-normalized thresholds, and temporal hysteresis was used.
Evaluation measured timing accuracy and event reliability using standard error,
correlation, and agreement metrics.

1 − MAE 
GT 

× 100%, (1) 

where GT denotes the average hu man-measured count.

3.2 Performance and Results 

Results are summarized in Tables 1–2 and Fig. 1.  For  Romberg Outstretch,  the  
full system matches human hold times, while removing sway or arm constraints 
inflates durations. In Balance on One Foot, Deep-AME-BF aligns with human 
stance times, whereas relaxed ankle thresholds overestimate duration. In Aris e
from Chair, accurate time-to-stand and sway require stand confirmation. Overall,
task-aligned safeguards are critical for stable, clinically consistent scoring.

Table 3. Balance on One Fo ot ablation (s).

Scenario H AME Loose 
Correct 4.15 4.15 12.15 
Multi dow n 5.05 5.05 7.85 
Sideways 13.35 13.35 14.15 
Lower only 0 0 0 
Wrong leg 3.30 3.30 5.00
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Fig. 1. Ablation plots across the three balance tasks. Removing task-specific s afeguards
introduces optimistic or premature scoring.

Robustness: Fixed vs Scaled Thresholds Across Distance We evaluate 
robustness under varying camera distances by comparing fixed, as summarized
in Table 4 anatomically normalized thresholds with scale-adaptive thresholds 
across 0.5 m to 2.0 m.

Table 4. Fixed vs Scaled thresholds across distance for all tasks (time in seconds).

Dist. Romberg Balance on One Foot Arise 
Fixed Scaled Fixed Scaled Fixed Scaled 

0.5 m 14.20 7.15 14.60 14.85 13.85 13.50 
1.0 m – 14.55 13.25 13.90 12.75 10.75 
1.5 m 5.85 5.80 11.45 11.90 11.86 12.10 
2.0 m 7.25 7.15 13.15 14.20 9.56 8.05 

Fixed thresholds provide stable and consistent measurements across dis-
tances, while scaled thresholds introduce variability and occasional premature
or inconsistent outputs, particularly in multi-stage tasks.
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3.3 Ablation Study 

Ablation evaluates the removal of task-specific safeguards (H: human, AME: full 
model, -Sw: no sway, -Arm: no arm c heck, Loose: relaxed ankle threshold), as
shown in Tables 1, 2,  and 3 

Removing constraints leads to overestimation in Romberg and Balance on 
One Foot, and unstable or underestimated outputs in Arise from Chair, con-
firming that task-aligned constraints are essential for reliable scoring.

4 Conclusion 

We presented a vision-based approach for assessing standardized balance tasks 
using monocular video. By combining pose landmarks, n ormalized features, and
task-specific state machines, the system produces interpretable clinical metrics.

Results show that task-aligned constraints are essential for reliable assess-
ment, and fixed, anatomically normalized thresholds outperform scale-adaptive
methods.
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Abstract. This study evaluated eight machine learning models for early GDM 
prediction using first-visit demographic, anthropometric, clinical, and laboratory 
data from 475 pregnant women (68 GDM-positive, 407 GDM-negative), ana-
lyzed using 60:40 stratified train–test split and class balancing using SMOTENC. 
Models exhibited trade-offs between sensitivity and specificity. Logistic Regres-
sion achieved the highest F1-score (0.34), with moderate recall (0.53) and accu-
racy (0.71), while MLP had the highest overall accuracy (0.78). BMI, maternal 
age, prior GDM, and early HbA1c were among the most influential predictors. 
The findings suggest that interpretable ML models applied to routinely collected 
first-visit data can support early risk stratification, potentially guiding targeted 
monitoring and interventions in antenatal care, while highlighting the intrinsic 
sensitivity–specificity trade-off in early GDM prediction. 

Keywords: Machine Learning · Gestational Diabetes · Clinical Data · Prediction 

1 Introduction 

Gestational Diabetes Mellitus (GDM) refers to glucose intolerance that occurs during 
pregnancy. It is one of the most prevalent complications of pregnancy, affecting about 
14% of pregnancies worldwide [1]. Although it may be resolved after childbirth, GDM 
poses significant short-term and long-term health risks for both the mother and the 
offspring. Beyond immediate complications such as preeclampsia, macrosomia, and 
increased cesarean delivery risk, GDM carries significant long-term consequences; up 
to 50% of affected women develop Type 2 Diabetes Mellitus (T2DM) within five years 
of delivery [2]. Therefore, early identification and management of GDM is important 
not only for improved pregnancy outcomes but also for reducing the long-term burden of 
chronic diabetes. Current clinical guidelines recommend screening for GDM between 
the 24th and 28th weeks of gestation using an Oral Glucose Tolerance Test (OGTT), 
with earlier testing for high-risk individuals. However, 2nd-trimester screening delays 
opportunities for preventive intervention.

© The Author(s), under exclusive license to Springer Nature Switzerland AG 2027 
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Machine Learning (ML) based risk-prediction methods are increasingly used in 
healthcare research to provide more timely and effective solutions for early detection of 
conditions, leveraging their ability to model high-dimensional, non-linear interactions 
between clinical demographics and novel biomarkers. Despite the growing literature on 
the application of ML for evaluating GDM, several studies focus on the detection of 
GDM as opposed to predicting its future incidence [3, 4]. Other studies have explored 
novel predictor domains such as social network data [5], lipidomic profiles [6], and 
amino acid biomarkers [7], which substantially increase the complexity and cost of data 
collection, limiting their scalability in routine clinical settings. Recently, several studies 
have demonstrated the potential of ML models to predict GDM using early-pregnancy 
clinical data [5, 8]; however, these efforts have largely been confined to population-
specific cohorts. Thus, developing models that use clinical data and generalize across 
populations is an open research question. 

This study aims to evaluate ML models for early GDM risk estimation using routinely 
collected antenatal data including demographic, clinical, anthropometric, and laboratory 
data. We compare the performance of ML models under class-imbalance aware training 
with clinically relevant metrics. We also examine the trade-offs between model inter-
pretability and predictive complexity to assess whether models can provide stable and 
clinically meaningful results in low-prevalence diagnostic settings. 

2 Methodology 

The dataset was obtained from a publicly available Kaggle repository and comprises 
structured clinical and demographic data from pregnant women [9]. The original dataset 
contained 600 records. Following data quality check measures, 125 records were 
removed due to anomalous or incomplete GDM related data, including missing GDM 
diagnosis labels (n = 42), absence of OGTT/GCT screening (n= 57) which is the clinical 
test used for GDM diagnosis, or inconsistent or contradictory diagnostic entries when 
recorded screening measures were incompatible with the assigned diagnosis labels (n = 
26), suggesting entry errors. These exclusions were applied prior to any model devel-
opment to prevent label noise and diagnostic ambiguity from confounding classifier 
performance. The final retained dataset contained 475 records, comprising 68 (14.3%) 
GDM-positive and 407 (85.7%) GDM-negative. 

Prior to model development, missing values were handled via median and mode 
imputation for continuous and categorical variables respectively, followed by standard-
ization and one-hot encoding. To address class imbalance, SMOTENC was applied 
exclusively to the training data within a pipeline-based approach to prevent data leak-
age. All preprocessing steps were performed within each fold on training pipeline to 
avoid data leakage. Additional information on the methodology employed in this study 
is available in Supplementary Material 1. 

Multiple supervised ML algorithms were evaluated for GDM prediction, represent-
ing a diverse range of learning paradigms. The evaluated algorithms included Logistic 
Regression (Log Reg), Support Vector Machine (SVM), K-Nearest Neighbors (KNN), 
Decision Tree (DT), Random Forest (RF), Multilayer Perceptron (MLP), Naive Bayes 
(NB) and Extreme Gradient Boosting (XGB), implemented using default hyperparam-
eter settings. Model training and evaluation employed a 60:40 stratified train-test split
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(285 training and 190 testing samples), to preserve class distribution. 5-fold stratified 
cross-validation was conducted exclusively on the training set to assess stability and 
reduce overfitting, while the held-out test set was reserved for final performance evalu-
ation. Class imbalance was addressed via SMOTENC, incorporated within the training 
pipeline. All analysis was conducted using Python version 3.12.13. 

Model performance was assessed using accuracy, precision, recall (sensitivity), 
specificity, F1-score, the area under the receiver operating characteristic curve (ROC-
AUC), and the area under the precision–recall curve (PR-AUC). Calibration performance 
was evaluated using the Brier score. 

3 Results 

Results demonstrate that early GDM prediction using routine data is fundamentally 
constrained by sensitivity–specificity trade-offs rather than model choice alone. Logis-
tic Regression achieved the highest F1 score (0.34) with accuracy (0.71), while MLP 
achieved second highest F1 score (0.32) and highest accuracy (0.78). Random Forest and 
MLP achieved the highest specificity (0.87 and 0.85, respectively), but with lower recall, 
indicating reduced detection of GDM-positive cases. RF achieved the best calibration 
according to Brier score (0.16). Performance metrics for all models are presented in Sup-
plementary Material 2. 95% Confidence Interval is reported for all metrics, presented in 
Supplementary Material 3. 

To improve interpretability and conduct cross-model comparison, feature importance 
was examined for all models. Logistic regression had the best F1 score, therefore we 
considered it as the best performing model. The top-ranked features were BMI, maternal 
age, previous history of GDM, and family history of diabetes/GDM emerging as the most 
influential predictors, although their relative importance varied between models. Feature 
importance for all models are presented in Supplementary Material 4. 

Threshold sensitivity analysis, presented in Supplementary Material 5, demonstrated 
that lowering the classification threshold improved recall at the expense of precision, 
highlighting the importance of threshold tuning for clinical applications. 

4 Discussion 

This study evaluated ML models for early GDM prediction using routine first-visit clin-
ical data. No model performed strongly across all metrics due to sensitivity–specificity 
trade-offs. Logistic Regression was the most balanced model, with the highest F1 score 
(0.34) and moderate accuracy (0.71), making it suitable for preliminary risk screen-
ing. MLP, Random Forest, and XGB showed higher specificity but missed more GDM 
cases, while Naïve Bayes had high recall but very poor specificity and calibration. The 
moderate ROC-AUC of Logistic Regression (0.61), class imbalance, weaker external 
validation, and distribution shifts indicate limited discrimination and generalizability. 
Therefore, the model is not ready for clinical deployment. 

These findings are consistent with previous GDM prediction studies showing 
variable performance and limited benefit from complex models when only routine 
early-pregnancy variables are used [5, 10]. Important predictors included BMI >30,
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age > 30 years, family history of GDM, previous GDM, medication intake, and HbA1c, 
aligning with established risk factors and SHAP-based evidence [5]. However, routine 
first-visit data capture only part of GDM risk compared with enriched datasets using 
advanced biomarkers [4]. 

This study has several limitations. The modest dataset size, low GDM prevalence, 
and participant heterogeneity may reduce model stability and generalizability. Although 
SMOTENC was applied to address class imbalance, the low F1-scores indicate limited 
ability to correctly identify GDM-positive cases, and the high accuracy and specificity 
likely reflect majority-class dominance rather than strong predictive performance. This 
trade-off is an inherent challenge in early GDM screening, where positive cases are nat-
urally rare. Synthetic oversampling may have also introduced artifacts, and important 
predictors such as diet, physical activity, and longitudinal glucose measurements were 
unavailable. Decision curve analysis, presented in Supplementary Material 6 indicated 
net clinical benefit only within a narrow low-probability threshold range, and the mod-
est performance ceiling (best F1 = 0.34), partly attributable to default hyperparameters, 
suggests that clinical relevance claims remain preliminary. While preliminary external 
validation is presented in Supplementary Material 7, broader multi-site prospective val-
idation is still required. Future work should use larger multi-center cohorts, improve 
imbalance-handling methods, use longitudinal clinical and laboratory data, and perform 
prospective external validation before clinical implementation. 

5 Conclusion 

This study demonstrates the potential of ML in supporting early GDM prediction using 
routinely collected first-visit clinical data. Among the evaluated models, Logistic Regres-
sion offered the most balanced performance, while more complex algorithms favored 
specificity at the expense of sensitivity. No single model consistently achieved high 
accuracy, sensitivity, and specificity, reflecting the multifactorial nature of GDM and the 
limitations of first-visit clinical predictors. Key risk factors, BMI >30, age > 30 years, 
prior GDM, and family history, align with established clinical evidence and highlight 
features that could guide early risk stratification. Although promising, the models are 
not yet suitable for clinical deployment. Future research should focus on multicenter and 
prospective validation, inclusion of longitudinal and diverse datasets, and exploration of 
temporal and postnatal outcomes such as progression to type 2 diabetes. 
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Abstract. Patients increasingly access pathology reports via electronic portals, 
yet these clinician-oriented documents are often misunderstood. AI-driven chat-
bots may support patient understanding, but concerns regarding accuracy, scope, 
and safety limit clinical use. We developed Osler, a pathology-specific chat-
bot deployed on MyPathologyReport.com, using curated educational content and 
embedded guardrails to constrain scope, acknowledge uncertainty, and redirect 
users to their healthcare team. A descriptive analysis of user interactions was 
conducted over two months post-launch (Dec 10, 2025-Feb 9, 2026). Osler was 
accessed by 2,408 users across 75 countries, generating 5,860 interactions (median 
1.00; mean 2.43 queries per user). Safety-trigger responses occurred in 2.58% of 
interactions. Median readability was grade 10.37, and no clinically actionable 
medical advice was identified in a manually reviewed subset of 100 responses. 
These findings demonstrate the feasibility of a domain-constrained, safety-focused 
pathology chatbot and support further prospective evaluation of patient-facing AI 
tools in oncology communication. 

Keywords: Patient-centred AI · Pathology Communication · Digital Health 

1 Introduction 

The expansion of electronic health record portals has increased patient access to diagnos-
tic information, with pathology reports now routinely available in real time following 
policy changes such as the 21st Century Cures Act. Although this enhances engage-
ment, these clinician-oriented documents contain specialized terminology, probabilistic 
language, and structured phrasing that are often difficult for patients to interpret accu-
rately [1, 2]. Patients frequently misunderstand key elements of pathology and laboratory 
reports, including tumour staging, grading, margin status, and biomarker results, con-
tributing to anxiety, confusion, and increased communication burden on clinical teams 
[1, 3]. While educational resources exist, many patients seek clarification through unsu-
pervised internet searches, where information may be inconsistent or lack context [4].
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Artificial intelligence (AI), including conversational agents, offers a potential approach 
to provide real-time, tailored explanations of complex medical information. Large lan-
guage models have demonstrated strong performance in medical question answering and 
patient education [5], but patient-facing applications raise concerns regarding accuracy, 
hallucination, scope control, and unintended medical advice [6, 7]. 

Osler was developed as a pathology-specific chatbot embedded within MyPatholo-
gyReport.com, an educational platform providing accessible explanations of pathology 
terminology [8]. Unlike general-purpose AI tools, Osler uses curated, domain-specific 
content with embedded guardrails to constrain scope and promote appropriate redirec-
tion to healthcare providers. This study describes the development of Osler and evaluates 
early real-world usage, with objectives to assess adoption and engagement, response 
characteristics (including readability and scope-limiting behaviours), and preliminary 
safety outcomes during the first two months post-launch. 

2 Methods 

2.1 Platform and Chatbot Development 

Osler was embedded on MyPathologyReport.com, a publicly accessible educational 
website providing plain-language explanations of pathology terminology. The chatbot 
launched on Dec 10, 2025, and was accessed voluntarily via user-initiated interactions, 
with no recruitment, prompting, or electronic health record integration. 

Osler was developed using curated, clinician-reviewed MyPathologyReport.com 
content within a retrieval-augmented generation (RAG) framework to constrain outputs 
and reduce hallucination risk. The knowledge base comprised 1,065 web pages con-
verted to text and segmented into paragraph-preserving chunks (≤10,000 characters, no 
overlap), embedded using text-embedding-ada-002 and stored in ChromaDB. At query 
time, the top 5 nearest chunks were retrieved using L2 distance (equivalent to cosine 
similarity for normalized embeddings) and filtered with a 0.4 threshold (similarity = 1 − 
distance). A secondary lightweight LLM (GPT-4.1-nano) performed relevance filtering 
to avoid inappropriate disease-specific associations, retaining up to 3 sources. Retrieved 
content was incorporated into prompts for generation using GPT-5-nano (v2025-08-07), 
with default sampling (temperature = 1.0, no fixed seed) and conversation history lim-
ited to the 5 most recent turns. Layered guardrails were implemented at both prompt 
and application levels to ensure safety and scope control. The model was restricted to 
informational responses, avoiding treatment recommendations, prognosis, medication 
guidance, and medical record interpretation, while acknowledging uncertainty and redi-
recting users to their healthcare team when appropriate. Additional safeguards included 
escalation pathways for self-harm disclosures and predefined safety templates for bound-
ary enforcement. Application-level controls included rate limiting (20 requests/hour/IP), 
a global token cap, source logging, and post-response PHI detection with redaction o f
stored queries.

2.2 Study Design 

We conducted a retrospective descriptive analysis of chatbot interactions during the 
first 2 months following deployment (Dec 10, 2025-Feb 9, 2026). The units of analysis
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included unique users and individual interactions (user query + chatbot response). No 
identifiable personal health information was collected. Geographic location was inferred 
from IP-based analytics at the country level only .

2.3 Data Collection and Metrics 

User- and interaction-level variables were extracted. User-level metrics included unique 
users, country-level location, sessions per user, and queries per session. Users were 
defined by distinct IP addresses, with all queries from the same IP attributed to a single 
user. Tracking relied solely on IP logging; cookies, account-based identifiers, and device 
fingerprinting were not used. Geographic location was estimated using IP-based geolo-
cation (MaxMind GeoLite2 Country database; geoip2 Python library), with country 
assignments cached locally for reproducibility. Interaction-level metrics included total 
queries, mean and median queries per user, response length (word count), readability 
(Flesch–Kincaid grade level), and safety- and scope-related indicators. 

2.4 Statistical Analysis 

Descriptive statistics were calculated for all variables. Continuous variables are reported 
as means (SD) or medians (IQR). Categorical variables are reported as proportions. No 
inferential statistical testing was planned for this preliminary evaluation. Analyses were 
conducted using Python 3.12.3 (Python Software Foundation) with the pandas library 
(version 3.0.0) for data processing and statistical analysis. 

3 Results 

3.1 User Adoption and Geographic Reach 

During the two-month study period, Osler was accessed by 2,408 unique users across 
4,316 sessions in 75 countries, generating 5,860 total interactions. Engagement per 
user was low overall (median 1.00; mean 2.43 ± 3.45 queries per user), with most users 
submitting a single query, although a subset demonstrated higher repeat use (Fig. 1). The 
top five countries by user volume were Canada, the USA, the Netherlands, Indonesia, 
and Austria, reflecting broad international uptake. 

3.2 Interaction Characteristics 

The median chatbot response readability corresponded to a Flesch–Kincaid grade level 
of 10.37, exceeding commonly recommended health literacy targets of approximately 
grade 6–8 for patient-facing materials. Mean response length by word count was 
268.89 ± 118.61 words. Qualitative categorization of interactions demonstrated that the 
majority of chatbot responses involved explanatory definitions of pathology terminol-
ogy, clarification of diagnostic phrases, interpretation of biomarker results at a general 
educational level (without individualized advice), and broader contextual educational 
content related to pathology diagnoses.
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Fig. 1. Distribution of queries per user. User engagement with the Osler chatbot showing a right-
skewed distribution, with most users submitting a single query during the study period. 

3.3 Safety and Scope Control 

Scope-limiting or safety-redirect responses occurred in 2.58% of interactions (n = 
151/5,860), indicating that guardrail mechanisms were activated in a small but mea-
surable proportion of queries. Redirection language encouraging users to consult their 
healthcare team was seen in 98.28% of responses (Wilson 95% CI 97.95–98.62), and 
uncertainty acknowledgment statements were observed in 67.91% (95% CI 66.70– 
69.12), reflecting consistent reinforcement of clinical boundaries and transparency. A 
subset of responses (n = 100) was randomly selected and manually reviewed to support 
evaluation of safety-related beha viour.

4 Discussion 

This early evaluation demonstrates the feasibility of a pathology-specific chatbot with 
explicit safety and scope controls. Rapid global uptake suggests unmet demand for acces-
sible pathology-related clarification. System behaviour reflected a safety-first design, 
with frequent redirection and uncertainty language indicating consistent boundary 
reinforcement. This likely reflects intentional prompt design and domain-constrained 
retrieval, though the balance between safety signaling and usability warrants refinement 
to avoid reducing engagement. Variation in response length likely reflects differences in 
query complexity, retrieved content, and safety templating. The low rate of scope-trigger 
events should be interpreted cautiously. It may indicate effective domain constraint but 
could also reflect the educational context and user selection of in-scope queries. In addi-
tion, detection depends on guardrail definitions and may miss more subtle boundary 
testing, requiring further auditing and stress testing. 

Readability improved relative to traditional reports but remained above recom-
mended health literacy levels. The domain-constrained architecture prioritizes factual 
grounding and scope control, but response quality was not formally evaluated; accu-
racy and completeness therefore remain uncertain and require targeted review of query-
response pairs. Pathology reports are a critical communication interface, and tools such 
as Osler may support patient understanding and clinical discussions while reducing 
clarification burden. However, safe implementation depends on transparent limitations, 
consistent boundary enforcement, and clear escalation pathways.
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This study is limited by its descriptive design, lack of comparator, absence of patient-
reported outcomes, and reliance on readability as a proxy for comprehension. User counts 
based on IP addresses may both under- and over-estimate unique users (e.g., shared 
networks vs. device switching), limiting per-user inferences; language detection was not 
performed despite international use. Response quality was not formally assessed, and 
the short observation period limits insight into longitudinal performance. 

Future work will include longitudinal monitoring, structured query analysis, and 
expert evaluation of response quality, beginning with targeted review of query–response 
pairs to assess accuracy and identify error patterns, followed by prospective studies and 
comparisons with general-purpose AI systems. 

5 Conclusions 

Early real-world deployment of Osler on MyPathologyReport.com demonstrates that a 
domain-constrained, guardrail-enabled pathology chatbot can achieve global reach while 
maintaining low rates of safety-trigger events and no detectable clinically actionable 
advice during initial review. These findings support further prospective evaluation of 
pathology-specific AI tools designed to enhance patient understanding. 
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Abstract. Kidney transplantation (KT) requires matching donor organs to the 
optimal recipients to maximize graft and patient survival. Donor-recipient match-
ing (DRM) is a many-to-many decision problem in which individual transplant 
decisions are influenced by outcomes observed across the broader transplant pop-
ulation. Machine learning (ML) approaches evaluate D-R pairs independently 
and do not capture population-level dependencies or leverage clinical knowledge. 
We present an attention-based DRM framework using Graph Attention Networks 
(GAT) on a knowledge-driven bipartite graph, with a symmetric edge-pruning 
strategy that reduces the graph size while improving recipient survival prediction 
performance, and a temporal-aware graph-splitting strategy for robust evaluation. 
On adult recipients (≥65 years of age), our framework outperformed dense-graph 
and non-attention baselines (F1-score = 0.71 ± 0.02 and AUC = 0.76 ± 0.02).

Keywords: Kidney Transplantation · Graph Attention Networks · 
Donor-Recipient Matching · Knowledge-Driven Graph 

1 Introduction 

Donor-Recipient Matching (DRM) pairs a donor organ with the most suitable recipi-
ent by balancing biological constraints (blood group, human leukocyte antigen (HLA)), 
clinical factors, and ethical considerations. Suboptimal matching can result in transplant 
rejection, graft loss, and recipient mortality [1]. These challenges are especially signif-
icant for older transplant candidates (≥65 years) who face higher risks of graft failure 
and death [2]. In clinical practice, DRM relies on statistical methods (Cox regression, 
Kaplan-Meier) and clinical scoring systems (e.g., EPTS [3]). ML methods have also 
been applied to optimize post-transplant outcomes [4, 5]. A common limitation across 
these approaches is that they evaluate D-R pairs independently, ignoring interactions 
across domains and the population-level relationships among donors and recipients. 

Building on our previous work [6, 7], where we introduced the bipartite DRM-Graph 
and a GraphSAGE-based DRM framework, this paper extends the approach in three key
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directions: (i) attention-based representation learning via GAT, (ii) a scalable symmetric 
edge pruning strategy, and (iii) a Temporal Graph k-Fold Cross-Validation (TG-k-FCV) 
strategy that prevents future information leakage. 

2 Related Work and Background 

DRM is a hybrid feature-set matching problem combining (1) explicit matching of bio-
logical constraints and (2) implicit matching of soft clinical compatibility scores derived 
from historical outcomes. Traditional ML methods evaluate D-R pairs independently 
and cannot capture population-level dependencies, where the outcomes of similar cases 
inform the optimal match. Graph-based representations address this limitation by mod-
eling DRM as a relational matching problem on heterogeneous graphs, where donors 
and recipients are nodes connected by edges encoding clinical knowledge and compat-
ibility rules [8]. Graph Neural Networks (GNNs) such as GraphSAGE and GAT learn 
node embedding via iterative neighborhood aggregation [9]. GAT improves on Graph-
SAGE by using attention mechanisms to weight neighbors’ importance. Other GNN 
approaches in transplantation address kidney exchange, a different problem focusing on 
cycle-finding among incompatible pairs [10]. Survival regression models such as Deep-
Surv operate on individual feature vectors and cannot exploit population-level relational 
structure, making them architecturally mismatched to DRM [11]. 

3 Methodology 

This study used data from the Scientific Registry of Transplant Recipients (SRTR). 
The SRTR data system includes data on all donors, wait-listed candidates, and trans-
plant recipients in the US, submitted by the members of the Organ Procurement and 
Transplantation Network (OPTN). The Health Resources and Services Administration 
(HRSA), U.S. Department of Health and Human Services provides oversight to the activ-
ities of the OPTN and SRTR contractors. The data reported here have been supplied by 
the Hennepin Healthcare Research Institute (HHRI) as the contractor for the Scientific 
Registry of Transplant Recipients (SRTR). The interpretation and reporting of these data 
are the responsibility of the author(s) and in no way should be seen as an official policy 
of or interpretation by the SRTR or the U.S. Government. 

We applied the following inclusion criteria: (i) recipient age ≥65 at transplantation, 
(ii) deceased donor transplants only, (iii) transplant year between 2000 and 2014, and (iv) 
complete 5-year post-transplant follow-up, resulting in 13,669 D-R pairs (46.1% posi-
tive). Donor and recipient features (23 and 29) were selected in consultation with trans-
plant nephrologists, prioritizing variables with established clinical relevance and exclud-
ing post-transplant variables. Minimal missing data (1.1%) were imputed; numerical 
features were scaled, and categorical features were one-hot encoded. 

The DRM-graph is bipartite with donor and recipient nodes, each with feature vectors 
XD, XR, connected by three edge categories: Direct Compatibility Edges (EDC, positive 
if 5-year survival, negative otherwise); Hard Constraint Edges (EHC, ABO compati-
bility), and Soft Preference/Knowledge Edges (ESP, clinical score compatibility derived
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from deceased donor score and recipient risk score). A fully connected bipartite DRM-
graph would have 187 M edges. After applying biological feasibility constraints, the 
graph contains 49 M edges across three categories: direct compatibility (13,669), blood-
type (35 M), and knowledge-driven (13 M). This high density is driven by common 
blood types (O, A, B exceed 85%) and dense soft-preference connections, leading to 
slow convergence and unstable neighborhood sampling. Our edge pruning strategy oper-
ates symmetrically on source and target nodes. We identify the K most similar source 
entities using cosine similarity and retain edges to target historically linked via direct 
compatibility to at least one similar source. 

We frame DRM as a link-prediction problem on the DRM-Graph. Compared with 
a GraphSAGE [6], GAT assigns learned attention weights to D-R neighbors rather than 
uniform aggregation. The model learns compatibility via message passing over EHC and 
ESP, a D-R pair is regarded as a successful match when the GNN’s inferred compatibility 
aligns with the observed historical relationships (Fig. 2A). Standard transductive splitting 
risks data leakage, since future recipients/donors in the test set become visible during 
training (Fig. 1B); inductive splitting prevents leakage but produces a sparse test graph 
(Fig. 1C). Our TG-k-FCV (Fig. 1D) orders cases chronologically into k sequential blocks. 
Each iteration uses one block for testing, the next for validation, and the remaining for 
training. Edges within each fold are assigned to four roles: training message edges, 
training supervision edges, validation edges, and test edges. For validation/testing, the 
DRM-graph is expanded to include new patients and their connections to historical cases, 
ensuring sufficient neighborhood structure while preventing future information leakage. 

Fig. 1. (A) Link prediction task. (B-D) A comparison of data-splitting strategies, showing 
limitations of transductive and inductive approaches versus the proposed TG-k-FCV. 

Our DRM framework operates in three stages. First, separate MLPs project hetero-
geneous donor and recipient features into a shared latent space (H0). Second, a two-layer 
GAT aggregates information with attention coefficients, where Layer 1 performs cross-
type message passing (donors aggregate from recipient neighbors and vice versa) and 
Layer 2 expands to second-hop, same-type neighbors. Each layer is followed by batch 
normalization, a non-linear activation, and dropout. Residual skip connections combine 
embeddings across depths (H0,  H1,  H2). Finally, an MLP head maps concatenated D-R



Graph Attention Networks for Donor-Recipient Matching in Kidney Transplantation 289

embedding pairs to a continuous compatibility score. EDC edges provide inherent pos-
itive/negative labels, eliminating negative sampling. The model is trained end-to-end 
with binary cross-entropy loss, RMSprop, neighborhood sampling [10, 5], 128 hidden 
channels, batch size 64, and 80 epochs. 

4 Results 

Symmetric edge pruning reduced the graph from 49 M to 905,354 edges (~2% of the 
original) while preserving structural properties: (i) the semantic edge composition shifted 
only marginally (single-rule to dual-rule ratio 72:28% → 69:31%), indicating no dis-
proportionate removal of edge types; (ii) connectivity remained balanced (median ~ 100 
neighbors per node and only 0.16% under-connected with <5 neighbors); and (iii) multi-
hop reach expanded naturally (334 nodes at Layer 1, 731 at Layer 2), consistent with a 
well-connected graph (Fig. 2). 

Fig. 2. Graph-level analysis of the pruned DRM-graph: (A) message-passing edges per hop, (B) 
neighborhood expansion across layers, (C) degree distribution, (D) edge-weight composition, (E) 
supervised vs. message-passing edges per batch, and (F) example of multi-hop message passing. 

We evaluated the framework using 5-fold TG-k-FCV. Table 1 compares GNN models 
across graph settings, classifier heads, and architecture. The pruned DRM-Graph with 
GAT, MLP head, and residual connections achieved the highest accuracy (0.72 ± 0.03) 
and AUC (0.76 ± 0.02), despite being ~2% the size of the original. It outperformed 
models on the original graph (Accuracy = 0.63 ± 0.06, AUC = 0.73 ± 0.04). Increas-
ing neighborhood sampling on the original graph (from [10, 5] to [35, 30]) slightly 
improved sensitivity but not accuracy or AUC, confirming that the pruned graph retains 
key structural properties without the computational cost of a dense graph. GAT outper-
formed GraphSAGE on the pruned graph (AUC 0.76 vs. 0.73), with the highest F1neg, 
indicating better ability to reject incompatible pairs, a critical property for clinical use.

Compared to ML baselines, our GAT achieved comparable AUC to RF and XGB 
(0.76 vs. 0.75) but significantly outperformed them in accuracy (0.72 vs. 0.68, p = 
0.02) and F1macro (0.71 vs. 0.67, p = 0.04). DeepSurv, as a representative deep survival 
regression baseline, achieved AUC = 0.55, confirming that individual-level survival 
regression cannot capture the population-level relational compatibility that graph-based
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Table 1. GNN model comparison, 5-fold TG-k-FCV (P = pruned, O = original, R = residual).

Configuration F1_pos F1_neg F1_macro Accuracy ± std AUC ± std 

P, GAT, MLP, no R 0.61 0.71 0.66 0.67 ± 0.07 0.72 ± 0.02 
P, GAT, MLP, +R 0.64 0.76 0.71 0.72 ± 0.03 0.76 ± 0.02 
P, SAGE, MLP, +R 0.70 0.56 0.63 0.64 ± 0.02 0.73 ± 0.01 
O, GAT, MLP, +R 0.69 0.52 0.61 0.63 ± 0.06 0.73 ± 0.04 
O - [35, 30], GAT, MLP, 
+R 

0.69 0.55 0.62 0.63 ± 0.02 0.73 ± 0.02 

methods model. Counterfactual analysis showed a marginal donor (KDPI = 78), initially 
paired with a low-survival recipient (35%), was better matched to an alternative candidate 
(73%); allocations were unchanged when no better options ex isted.

5 Conclusion 

This paper introduces an attention-based GNN framework for DRM in KT that cap-
tures explicit and implicit matching via biological constraints and compatibility scores. 
Our contributions include the graph construction strategy, the symmetric edge-pruning 
method, and the TG-k-FCV temporal evaluation protocol. We use standard GAT to 
isolate the effects of these contributions. Edge pruning reduces graph size while improv-
ing prediction; residual connections provide stable, balanced predictions; and GAT 
improves accuracy and interpretability through attention. The framework supports clin-
ical decision-making by ranking candidate recipients in real time, complementing 
rather than replacing clinical judgment. Future directions include systematic comparison 
with relation-typed architectures, incorporating fairness constraints, modeling dynamic 
graphs, and applying the framework to other transplantation domains. 
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Abstract. Existing prognostic models of overall survival (OS) in patients with 
metastatic esophageal or gastric cancer (EGC) rely on structured clinical data. 
Incorporating additional data modalities, particularly unstructured clinical notes, 
can further improve predictive performance. The aim of this study was to develop 
multimodal models, incorporating both tabular and text data, for OS prediction in 
patients with metastatic EGC and to compare their performance with unimodal 
models trained on tabular data or clinical notes only. 

We developed both unimodal and multimodal survival models using Cox 
proportional hazards regression. Tabular and text data, in Dutch language, were 
obtained from the Electronic Health Records of 896 patients. Unstructured clinical 
text was embedded using multilingual sentence transformers finetuned with few-
shot learning. The resulting representations were fused with tabular features prior 
to model training. Model performance was assessed using cross-validation and 
evaluated in terms of the time-dependent concordance index, dynamic area under 
the curve, and time-dependent Brier score. 

Overall, the models demonstrated adequate discriminative ability and calibra-
tion, especially when structured data was included, with C-indexes within 0.6– 
0.67, Brier scores within 0.19–0.21 and AUC within 0.64–0.68. Best-performing 
model was the finetuned multimodal one, with an improvement on the C-index up 
to 5% and up to 13% compared to the tabular model and text model respectively. 
Sodium, age and the first text PCA component emerged as the most predictive 
variables. Future work will explore more advanced multimodal fusion strategies, 
including cross-attention mechanisms between data modalities, as well as the 
incorporation of longitudinal trajectories of structured clinical data. 

Keywords: Multimodal prediction · Survival prediction · Clinical notes
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1 Introduction 

Esophageal and gastric cancer (EGC) affected around 1.5 million people and caused 1.1 
million deaths in 2022 [1]. As EGC is often diagnosed when the disease is at an advanced 
stage, a large proportion of patients ultimately receive treatment with palliative intent. 
Patients and their families rely on physicians to synthesize patient’s risk factors into 
an accurate overall assessment of life expectancy, or overall survival (OS), although 
physicians’ estimates are often imprecise [2]. A more precise and data-driven individual 
OS prediction is essential, as it can contribute to better anticipation of palliative needs. 
Existing prognostic models typically rely on structured clinical data [3–5]. Incorporating 
additional data modalities can further improve predictive performance, for example 
adding imaging or genomics [6, 7] and text data [8, 9]. 

Unstructured EHRs include clinical notes, pathology reports or discharge letters in 
the form of free text. In the past, unstructured data were underutilized because extract-
ing meaningful information required manual processing and conversion into numerical 
formats compatible with statistical and machine learning models. Thanks to the advent 
of transformers, manual extraction can be automated through embeddings, which are 
multidimensional representations of the information contained in text [10]. 

This study investigates the integration of survival models and natural language pro-
cessing (NLP) techniques to enhance the accuracy of OS with multimodal prediction 
models for patients with metastatic EGC and compare their performance with unimodal 
prediction models. 

2 Methods 

Data were obtained from the electronic health records (EHRs) of Amsterdam University 
Medical Center and included both structured information and unstructured information 
of 896 patients. Patients were selected if diagnosed or treated at our center for syn-
chronous or metachronous metastatic squamous cell carcinomas or adenocarcinomas of 
the esophagus, of the stomach or of the gastro-esophageal junction within 2016–2021. 

The structured EHRs included clinical and demographical variables in a tabular 
format. The most recent measurement was extracted or, in case of missingness, the 
value was imputed with K nearest neighbor. The original dataset had 1144 covariates, 
which is more than the number of patients in our dataset. We selected only covari-
ates which had less than 50% missing values, resulting into age, sex, tumor location, 
metachronous/synchronous/disease or recurrence, Body Mass Index and seven lab val-
ues. Numerical structured data were standardized, and categorical data were one-hot 
encoded. 

The unstructured data included the most recent progress reports, written in Dutch. 
Some patients (16%) did not have any report by the prediction time. Instead of removing 
these patients, the text was reported as ‘[Missing]’ to ensure the robust working of the 
pipeline also in case of a missing modality. 

Five models were trained and compared: three unimodal models, one trained on the 
tabular data, two on the text data, and two models trained on the fused structured and 
unstructured data, of which one included few-shot finetuning of the embedding model.
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The fusion was performed by concatenating the preprocessed structured data and the 
embeddings of the unstructured data, after reducing the dimensionality using Principal 
Component Analysis (PCA). For predicting OS of patients with EGC, we trained Cox 
Regression. 

For embedding the text, we used the Dutch version of the Fairly Multilingual Mod-
ernBERT Embedding Model (Belgian Edition) [11], a Sentence Transformer with a 
context window of 8192 tokens to accommodate the potentially long clinical notes. As 
some notes were still longer than the context window, we implemented a sliding window 
with final pooling of the obtained window embeddings. The embeddings describe the 
general meaning of the text, but the model was not trained specifically on clinical data. 
For this reason, we used a few shot Sentence Transformer Fine-tuning (SetFit) frame-
work [12] to make the embedding model capture the difference between long and short 
term survival in the notes. From the training set we sampled 16 notes associated with 
short survival (less than median survival minus 60 days) and other 16 associated with 
long survival (longer than median survival plus 60 days), which were used by SetFit to 
finetune the embeddings with contrastive learning. The full pipeline is depicted in Fig. 1. 

All models were trained and compared in terms of time-dependent concordance (c-
index), dynamic area under the curve (AUC) and time-dependent Brier score, evaluated 
at 3 months and 12 months after prediction time. We repeated all preprocessing steps in a 
nested 5-folds cross-validation, testing the performance in the outer loop and optimizing 
the hyperparameters of Cox (ridge regularization penalty) in the inner loop. Predictive 
power was measured with permutation feature importance. 

Fig. 1. Schematic view of pipeline used for the model trained on two (fused) modalities. 

3 Results 

The results of the 5-fold cross-validation of all models are reported in Table 1.  The  
datasets used for the experiment are tabular data only, text data only, and the fusion of 
tabular and text data. All models including structured data show a discrete performance 
evaluated at 3 and 12 months, with C-indexes ranging from 0.61 to 0.67, Brier scores in 
the range 0.19–0.21 and AUC between 0.64 and 0.68. The unimodal text model shows 
an inferior overall performance (AUC 0.58–0.6 and C-index equal to 0.56–0.6).



Multimodal Survival Prediction of Patients with Metastatic 295

The best performing model is the Cox model trained on tabular and text data with 
SetFit, showing a 0.03 increase in C-index, 0.02 on AUC and a 0.01 decrease in Brier 
score evaluated 3 months after prediction. In general, the C-index of the multimodal 
SetFit model had up to 5% increase with respect to the tabular unimodal model and up 
to 13% with respect to the unimodal text dataset. Based on the permutation of feature 
importance, the top three relevant features in the multimodal model were: sodium, age 
(tabular data) and first PCA component of the embeddings (text). 

Table 1. Model performance of all five pipelines. C-index, Brier and AUC scores are given with 
standard deviation in parenthesis. Best model is in bold. 

Model C-index C-index 
3 months 

C-index 
12 months 

Brier 
score 
3 months 

Brier 
score 
12 months 

AUC 
3 months 

AUC 
12 months 

Unimodal 
tabular 

0.6 
(0.03) 

0.64 
(0.05) 

0.61 
(0.03) 

0.19 
(0.01) 

0.2 (0.01) 0.66 
(0.04) 

0.65 
(0.07) 

Unimodal 
text 

0.56 
(0.02) 

0.6 
(0.03) 

0.56 
(0.02) 

0.2 
(0.01) 

0.21 
(0.01) 

0.6 
(0.03) 

0.58 
(0.04) 

Unimodal 
text SetFit 

0.57 
(0.01) 

0.6 
(0.02) 

0.58 
(0.01) 

0.2 
(0.01) 

0.21 
(0.01) 

0.59 
(0.02) 

0.6 (0.02) 

Multimodal 0.6 
(0.03) 

0.65 
(0.03) 

0.61 
(0.03) 

0.19 
(0.01) 

0.20 
(0.01) 

0.67 
(0.04) 

0.64 
(0.07) 

Multimodal 
SetFit 

0.61 
(0.02) 

0.67 
(0.03) 

0.62 
(0.02) 

0.18 
(0.01) 

0.20 
(0.01) 

0.68 
(0.03) 

0.65 
(0.05) 

4 Discussion 

This study investigates the integration of survival prediction and NLP techniques to 
enhance the accuracy of OS prediction models for patients with metastatic EGC. To 
our knowledge, this is the first study on multimodal survival prediction models for 
metastatic EGC. The model trained on the combination of structured and unstructured 
data had a better performance with respect to the unimodal models, showing potential for 
investigating in this direction. The presented methodology can be applied even when the 
text modality is not present. Thanks to the few-shot finetuning, the model can work with 
text in a low resource language, for which there is scarcity of good clinical foundation 
models 

In addition to progress reports, other clinical notes are available in the EHRs. Their 
predictive power has yet to be tested. Although there is potential in adding other modali-
ties, like the progress reports in this study, the gain in performance should be big enough 
to justify the decrease of applicability in clinical practice due to the more complex input 
to the prediction model. Current results should be further improved by extending the 
sample size, testing more advanced attention-based fusion methodologies and exploring 
the addition of the temporal modality, which can summarize the temporal evolution of
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dynamic clinical variables. Future work will focus on the abovementioned aspects and 
on the explainability of the different modalities. 
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Abstract. Medical AI evaluation still largely emphasizes model per-
formance under controlled conditions. However, whether an AI-enabled 
clinical capability can be introduced, used safely and appropriately, and 
sustained in routine care depends on additional socio-technical condi-
tions. We propose clinical deployability as a second-order, multi-level 
construct capturing this readiness for real-world clinical work. Deploya-
bility integrates three coordinated domains: (A) task usability and safety-
in-use; (B) implementation workability (embedding, routinization, sus-
tainment); and, (C) accountability (in-use decision performance and risk 
governability). We outline operational criteria and a pragmatic measure-
ment strategy based on a deployability dashboard rather than a single
scalar score. This paper presents an ongoing research program; future
work will apply the framework in real-world implementation case studies
to produce comparative deployability assessments and refine the indica-
tor set.

Keywords: AI Impact Assessment · Digital Health · Deployability · 
Workability · Usability · Accountability

1 Motivation 

Many medical AI systems achieve promising discrimination or calibration in 
retrospective evaluations yet fail during implementation, are abandoned after 
initial uptake, or remain fragile once support decreases. These outcomes are 
increasingly understood as socio-technical rather than purely technical: an AI-
enabled capability is an evolving configuration of model, interface, data pipeline,
workflow integration, professional roles, governance, training, monitoring, and
maintenance.

This creates a recurring methodological gap. “Evaluation” is often equated 
with clinical effectiveness or cost-effectiveness, while implementation-focused evi-
dence is treated as secondary. In contrast, HCI and implementation science treat
c The Author(s), under exclusive license to Springer Nature Switzerland AG 2027 
P. Andreev et al. (Eds.): AIME 2026, LNAI 16749, pp. 297–302, 2027. 
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feasibility, appropriate use, sustainment, and governability as legitimate evalu-
ative objects. We propose clinical deployability to make this distinction explicit
and operational.

2 Clinical Deployability 

Clinical deployability is defined as:

the degree to which an AI-enabled clinical capability can be introduced, used 
appropriately, and sustained in real clinical work, while meeting minimum 
requirements for task-level usability and safety, and demonstrating ade-
quate in-use decision performance in the settings for which it is deployed. 

Deployability is not a claim about downstream clinical outcomes. It is an 
implementation-focused evaluation construct: it concerns readiness, robustness, 
and governability in context. Deployability is also second-order (composed of 
coordinated sub domains) and multi-level (emerging across individuals, teams,
units, and organizations). We model deployability through three domains:

Domain A: Task Usability and Safety-in-Use. Usability is framed at the work-
task level, consistent with ISO 9241-11 [6], but with safety-in-use treated as 
a first-class requirement. Relevant failure modes include misinterpretation of 
uncertainty, alert fatigue, unsafe defaults, and automation surprises under time
pressure and interruptions.

Domain B: Implementation Workability. Workability captures whether the capa-
bility can be embedded and sustained as routine practice. It is aligned with 
implementation outcomes such as adoption, appropriateness, feasibility, fidelity,
penetration, and sustainability [9], as well as with routinization mechanisms 
described by Normalization Process Theory [7,8]. 

Domain C: Accountability (In-Use Decision Performance and Risk Governabil-
ity). This domain concerns whether decision performance is acceptable in use 
and whether residual risk is governable over time. It includes monitoring for 
performance drift, calibration and threshold behavior, and explicit indicators of
explainability (such as causability [5]) and appropriate relianc e [1] and AI influ-
ence, such as those defined in [2]. Critically, it also includes and: whether expla-
nations support clinically meaningful understanding, counterfactual r easoning,
and the rational evaluation of alternative options.

The domains follow the principle of non-compensability since they are c on-
ceptually separable but practically interdependent:

– strong performance cannot compensate for unsafe interaction;
– high usability cannot compensate for absen t governance;
– high adoption cannot compensate for s ystematic over-reliance.

Deployability, therefore, cannot be reduced to a single number without explicit 
normative assumptions. The in terconnection of the three domains is shown in
Fig. 1.
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3 Operationalization: The Deployability Dashboard 

To support rigorous and feasible assessment across heterogeneous clinical set-
tings, we propose a deployability dashboard : a compact, structured representa-
tion in which each domain is populated by a small set of indicators that combine
quantitative measures (where available) and qualitative evidence (where neces-
sary).

Fig. 1. Clinical deployability as a second-order construct composed of three coordi-
nated domains.

In practical terms, the three domains can be assessed through complementary 
evidence streams. Usability should be evaluated through structured task testing, 
brief standardized questionnaires, and targeted observation of safety-relevant
interaction breakdowns. Workability should be assessed as an implementation
outcome profile [9], complemented by interviews and observation document-
ing workflow fit, training and competence-building, workarounds and fidelity to
intended use, and organizational arrangements enabling routinization [7,8]. Risk 
governability should be assessed through evidence that performance and reliance 
are monitored and actionable: explicit roles, escalation pathways, incident-
learning procedures, change management for model/interface/workflow updates, 
and dedicated indicators for appropriate reliance, explainability, and causability.
Post–go-live techno-vigilance [4] is treated as constitutive r ather than optional
[3]. 

Table 1 summarizes candidate indicators.

4 Research Program and Future Work 

This paper introduces clinical deployability as a unifying evaluation construct 
and provides an initial operationalization. The work is ongoing. Future work 
will apply the framework to at least two real-world case studies of AI-enabled
clinical capabilities, selected to vary in clinical task, workflow integration, and
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Table 1. A deployability dashboard organizes evidence across three coordinated
domains.

Domain A Task usability & safety-in-use 

Indicators A1: Task completion and error types (frequency, severity, 
recoverability). A2: Time-on-task under realistic constraints. A3: 
Interruption sensitivity and resumability. A4: Perceived usability, 
workload, and satisfaction. A5: Comprehension of uncertainty and 
confidence cues. A6: Interpretability of model outputs (users can 
identify what is being predicted, scope constraints, and limitations). 
A7: Alert fatigue and override behavior. A8: Unsafe defaults and
automation surprises. A9: Explanation usability (users can identify
main drivers, limitations, and applicability conditions). A10:
Explanation actionability (users can identify what additional
information would plausibly change the recommendation).

Domain B Implementation workability 

Indicators B1: Uptake patterns (who uses it, when, for which tasks). B2: 
Acceptability and perceived burden. B3: Feasibility (infrastructure, 
staffing, workflow fit). B4: Training coverage and 
competence-building (including explanation literacy and uncertainty 
literacy). B5: Fidelity to intended use and documented workarounds. 
B6: Penetration across units and roles. B7: Routinization and 
integration with existing information systems. B8: Sustainment 
resourcing. B9: Socio-tec hnical fit (redistribution of work,
accountability, coordination demands). B10: Governance readiness
(clear ownership, escalation pathways, incident-handling procedures).
These align with implementation outcomes [9]. 

Domain C Decision Accountability (In-use decision performance & 
risk) 

Indicators C1: Decision accuracy and error distribution in representative use 
conditions. C2: Subgroup performance and distribution shift 
monitoring. C3: Calibration and threshold behavior under workflow 
constraints. C4: Distribution of reliance modes (appropriate reliance, 
over-reliance, under-reliance), reliance calibration, and 
override/acceptance rates stratified by risk and uncertainty. C5: 
Disagreement patterns between users and model (and resolution 
outcomes). C6: Explainability & causability, explanation 
completeness, stability, and consistency. C7: Concordance with 
domain knowledge. C8: Counterfactual plausibility (clinically 
feasible “what-if” tests). C9: Causal interpretability (distinguishing 
correlational cues from plausible causal factors). C10: Traceability
and auditability (input provenance, versioning, explanation record).
C11: Incident and near-miss learning (including explanation
failures). C12: Monitoring signals and triggers for intervention
(retraining, UI changes, workflow redesign). C13: Post-go-live
change management for model/interface/workflow updates [3,4].
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organizational complexity. The empirical goal is to (i) produce deployability 
dashboards that enable within- and cross-case comparison, (ii) identify recur-
ring socio-technical failure modes (e.g., reliance breakdowns, explanation fail-
ures, governance gaps), and (iii) refine the indicator set into a minimal, reusable
assessment template for medical AI projects.

5 Conclusion 

Clinical deployability reframes evaluation for medical AI as an implementation-
focused assessment of readiness, robustness, and governability in real clinical 
work. The construct integrates task usability and safety-in-use, implementation 
workability, in-use decision performance and risk management, and explicitly 
includes appropriate reliance, explainability, and causability. Rather than col-
lapsing evidence into a single score, deployability is assessed through a dash-
board approach that remains actionable for design, governance, and post-go-live
oversight. The next phase of the project will validate and refine the framework
through comparative real-world case studies.
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Abstract. Clinical Practice Guidelines often fail in multimorbidity con-
texts, where aggregating single-disease recommendations creates thera-
peutic conflicts. The Transition-based Medical Recommendations model 
(TMR) deduces conflicts through physiological logic, but technical com-
plexity hinders adoption. This paper presents an open-source web plat-
form designed to bridge this “knowledge acquisition bottleneck”. 

Our system combines a “no-code” Knowledge Acquisition Dashboard 
and an Interaction Visualiser. By integrating the Z3 theorem prover 
with a SnowStorm terminology server, the system automates the for-
malisation of clinical logic using SNOMED CT. This allows clinicians 
and policy makers to graphically encode guidelines and detect inconsis-
tencies – such as contradictions – without technical expertise. 

A collaborative library supports a “Duplicate and Modify” workflow, 
enabling stakeholders to adapt protocols safely, in line with local guid-
ance. By visualising interactions through a user-friendly frontend, the 
platform empowers domain experts to audit medical protocols before dis-
semination, demonstrating a scalable path toward safer guideline man-
agement. 

1 Introduction and Background 

Clinical Practice Guidelines (CPGs) serve as the cornerstone of evidence-based
medicine [2]. To operationalise this knowledge, narrative documents are increas-
ingly translated into Computer-Interpretable Guidelines (CIGs) – formal rep-
resentations that allow systems to process clinical logic and automate decision
support [3]. Yet, traditional formats struggle to accommodate the complexities of 
multimorbidity. Blind aggregation of single-disease guidelines frequently results 
in contradictory advice. Current approaches, which rely on manually enco ded
exclusion rules, are inherently unscalable and computationally intractable, as
the number of guidelines increases [4]. 

To address the scalability of conflict detection, TMR (Transition-based Med-
ical Recommendations), originally proposed by Zamborlini et al. [5], introduced 
a paradigm shift from manual rule curation to effects-based reasoning. Rather
c The Author(s), under exclusive license to Springer Nature Switzerland AG 2027 
P. Andreev et al. (Eds.): AIME 2026, LNAI 16749, pp. 303–307, 2027. 
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than defining static rules for every possible interaction, TMR models recommen-
dations based on their intended effects – specifically, the transitions they induce 
in a patient’s physiological state (e.g., shifting blood pressure from ‘high’ to 
‘normal’). This formalisation allows a reasoning engine to logically deduce con-
flicts when two recommendations attempt to drive a physiological parameter in
opposing directions, thereby automating the detection process without the need
for exhaustive, pre-defined conflict lists.

Despite the theoretical strength of TMR, its practical adoption has been hin-
dered by the ‘knowledge acquisition bottleneck’ [3]. Previous implementations, 
such as ROAD2H [1], successfully demonstrated the power of the underlying 
reasoning engine but remained backend-focused, lacking user-facing interfaces 
for guideline creation and analysis. Consequently, the power of TMR has largely 
remained inaccessible to the domain experts – clinicians and policy makers – 
who are best positioned to interpret and utilise t hese insights. Without intuitive
tools to authorise and visualise these complex logical structures, the potential
for TMR to aid in guideline development and auditing remains untapped.

In this demo paper, we demonstrate a comprehensive, web-based system that 
bridges this gap. Unlike previous implementations, our system provides an inter-
active guideline builder and a visual conflict analyser, making TMR approach-
able to a wider, non-technical audience. This platform allows users to graphically 
encode guidelines and visualise detected conflicts, facilitating the static analysis 
of recommendation sets. This tool is designed not only for clinical utility but as
a resource for policy makers, enabling them to verify the internal consistency
of medical protocols and identify potential adverse interactions at the guideline
level before they are disseminated into practice.

2 Methods 

We developed a web-based system comprising a knowledge acquisition interface 
and a reasoning engine. The system automates the formalisation of clinical logic 
and the subsequen t detection of interactions using an adapted version of the
Transition-based Medical Recommendations (TMR) model.

2.1 Adapted TMR Model 

Our system utilises a modified TMR model [5] which models recommendations 
based on intended physiological transitions rather than static rules. We diverge 
from the original proposal by excluding causation beliefs (probabilites and evi-
dence strength) to minimise the manual encoding burden of narrative guidelines 
and to avoid hard-coding patient-specific efficacy, thereby enhancing generalis-
ability. Consequently, our model focuses purely on logical structure, enabling
the detection of Divergent Causations, Contradiction, Repetition, Alternative,
Side-Effect and Repairable interactions, while excluding Safety interactions.
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2.2 Platform Architecture and Implementation 

The platform employs a distributed microservices architecture (built with 
NestJS) to ensure modularity. It includes Authentication, CIG Management, 
and an Interaction services, exposed via a standardised API for interoperabil-
ity. The SvelteKit user interface provides a reactive frontend for visual guideline
authoring and real-time interaction analysis (see Fig. 1). 

Fig. 1. High-level architecture and user flows of the system, comprising a Knowledge 
Acquisition Platform, a backend, and SNOMED terminology server. (CIG - Computer-
Interpretable Guideline) 

2.3 Reasoning Engine and Terminology Integration 

To automate interaction detection, the Interaction Service integrates t he Z3 the-
orem prover1 using FOL. We employ the Strategy design pattern to encapsulate 
interaction rules dynamically. To handle semantic subsumption (e.g. recognising 
Aspirin as a s ubtype of NSAID), the platform connects to a SnowStorm termi-
nology server2 . By anchoring definitions to SNOMED CT concepts, the system 
leverages the ontology’s hierarchy to automate consistency checks across varying 
levels of granularity. The full source code for the platform and reasoning engine
is available as open-source software3 . 

3 Features of the Platform 

The platform provides a user-centric environment designed to bridge the gap 
between narrative clinical text and executable logic, making formal modelling
accessible to non-technical experts.

1 https://github.com/Z3Prover/z3. 
2 https://github.com/IHTSDO/snowstorm. 
3 https://github.com/slatifi/tmr-web. 

https://github.com/Z3Prover/z3
https://github.com/Z3Prover/z3
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https://github.com/Z3Prover/z3
https://github.com/Z3Prover/z3
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https://github.com/IHTSDO/snowstorm
https://github.com/IHTSDO/snowstorm
https://github.com/IHTSDO/snowstorm
https://github.com/IHTSDO/snowstorm
https://github.com/slatifi/tmr-web
https://github.com/slatifi/tmr-web
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3.1 Knowledge Acquisition Dashboard 

Built with SvelteKit, this workspace replaces code-heavy editors. Users define 
guidelines using SNOMED CT semantic auto-completion, ensuring actions and 
transitions anchor correctly to on tology concepts. This “no-code” approach
allows clinicians to formalise knowledge without FOL expertise.

3.2 Interaction Visualiser 

To interpret multimorbidity logic, the system renders an interactive graph where 
recommendations and physiological states act as nodes connected by transitions. 
When the engine detects inconsistencies like Contradictions, it highlights the 
conflicting n odes directly on the graph. This visual feedback allows users to
immediately diagnose the impact of combining multiple guidelines in real-time.

Figure 2 shows an excerpt of the interaction graph between NICE guidelines 
for Acute Coronary Syndromes (NG185), Osteoarthritis (NG226) and Gastro-
oesophageal Reflux Disease (CG184). A full encoding of the guidelines was omit-
ted due to space constraints.

Fig. 2. Interaction graph. R1 & R2 are recommendations from NG185, R3 & R4 are 
from NG226, and R5 & R6 are from CG184.
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3.3 Sharing Library 

The platform serves as a collaborative library where users can browse published 
guidelines and perform interaction detection across them. Furthermore, it sup-
ports a “Duplicate and Modify” workflow where users can clone verified guide-
lines into a private workspace to safely adapt logic, s uch as substituting a drug
based on local availability, and immediately use the visualiser to ensure these
adaptations do not introduce new conflicts.

4 Conclusion 

Our distributed platform uniquely combines a Knowledge Acquisition Dash-
board with an automated reasoning engine, democratising guideline formalisa-
tion through a visual, terminology-driven interface. Integrating the Z3 theorem 
prover with SNOMED CT provides a robust mechanism for v isualising logical
conflicts, empowering stakeholders to contribute to community-driven guideline
engineering and safe multimorbidity management.

Future work involves a two-part evaluation of the platform. First, we will 
evaluate Z3’s computational scaling with large recommendation sets and onto-
logical subsumptions, followed by a clinical evaluation to assess the engine’s 
soundness and completeness using real-world guidelines. We also aim to incor-
porate dynamic, patient-specific decision support and refine the TMR model to 
represent more complex guideline structures, such as conditional recommenda-
tions and hierarchical logic, which is often present in real-world guidelines.
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Abstract. Undifferentiated chest pain is a major driver of emergency 
department (ED) overcrowding and contributes to morbidity and mor-
tality. Early risk stratification for major adverse cardiac events (MACE) 
allows for early discharge and ED decongestion. We developed a multi-
modal machine learning model integrating EHR data, laboratory results, 
demographic and comorbidity features and chest x-ray impressions to 
predict 30-day MACE in patients presenting to the ED with chest pain. 
Using 49,348 ED encounters from two healthcare systems, our model 
achieved a high area under the curve (AUC) of 82.0% at the develop-
ment site and 74.6% at the external validation site. Predictions occurred
within 6 h of ED arrival and demonstrated consistently high negative
predictive values across time, supporting safe early-rule out. This model
demonstrates the potential of integrating AI modeling to enhance early
MACE risk stratification and improve ED overcrowding and efficiency.

Keywords: MACE · Triage CDSS · Undifferentiated Chest Pain

1 Introduction 

Undifferentiated chest pain is one of the most common reasons for emergency 
department (ED) visits, accounting for approximately eleven million annual pre-
sentations in the United States [1]. Although fewer than 10% of these patients are 
ultimately diagnosed with acute coronary syndrome (ACS), the need to exclude 
life-threatening conditions contributes substan tially to ED overcrowding, delays
in care, and increased morbidity and mortality [2,3]. This creates a critical chal-
lenge for clinicians, who must rapidly distinguish low-risk from high-risk patien ts
in a resource-constrained and time-sensitive environment.

Clinical risk scores such as HEART, TIMI, and GRACE are widely used to 
stratify risk for major adverse cardiac events (MACE). However, these t ools are
limited by reduced sensitivity and negative predictive value (NPV) at common
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decision thresholds, limited generalizability to heterogeneous ED populations, 
and an inability to incorporate dynamic clinical data such as evolving laboratory
results and imaging findings [4–6]. As a result, they may overestimate risk in low-
risk patients and contribute to unnecessary admissions and resource utilization.

The increasing availability of electronic health record (EHR) data provides 
an opportunity to develop more accurate, data-driven approaches to early risk 
stratification. In this study, we develop and externally validate a multi-modal 
machine learning model that integrates structured clinical data, laboratory val-
ues, and imaging-derived features to predict 30-day MACE in ED patients with
chest pain. Our goal is to improve early identification of low-risk patients and
support safe discharge decisions to reduce ED overcrowding.

2 Methods 

We conducted a multi-center retrospective cohort study of adult ED patients 
at two academic centers. The development cohort was derived from University 
of California San Diego Health (UCSD), including encounters from two EDs 
between January 2016 and December 2023. External validation was performed 
using data from Univ ersity of California Irvine (UCI), including ED encounters
from January 2023 through August 2024. Institutional review board approval
with waiver of informed consent was obtained at both sites.

We included all adult patients (≥18 years) presenting during the study peri-
ods. Encounters were eligible if a chest radiograph (x-ray) and at least one 
troponin measurement were obtained within 6 h of ED arrival and prior to any 
MACE. Predictor variables included the first available values from the compre-
hensive metabolic panel, complete blood count, lactate, and B-type natriuretic 
peptide (BNP), m easured prior to the prediction time. Up to two troponin mea-
surements were included if both occurred before the prediction time, defined as
the time of both troponin measurement and chest x-ray availability.

The primary outcome was 30-day MACE, defined using surgical ICD codes 
indicating events such as acute myocardial infarction, heart failure, or stroke
occurring within 720 h of ED arrival, including subsequent readmissions.

The final cohort included 30,614 encounters at UCSD and 18,734 at UCI. 
MACE occurred in 240 (0.8%) encounters at UCSD and 479 (2.6%) at UCI.
Cohort characteristics stratified by site and outcome are presented in Table 1. 

We also track whether patients are given MACE related IV medications 
during the encounter itself or within 30 days of the encounter start time. 
These intravenous medications include Heparin, Lasix ( Furosemide), and Bumex
(Bumetanide). The length of stay in the ED (ED LOS) is measured for all
encounters in our cohorts.

In addition to the aforementioned EHR model input features, we also input 
the gender, race, ethnicity, and age of the patient at the encounter start time. 
We also note the presence or absence of 15 MACE-related comorbidities from
the problem list of the patient at the encounter start time, such as hypertension,
diabetes, hyperlipidemia.
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Table 1. Cohort demographics and outcomes are shown below. These are broken down 
by study site and the presence of 30-day MACE, measured from hospital arrival time.

30-day MACE No 30-day MA CE

UCSD 
(n = 240)

UCI 
(n = 479)

UCSD 
(n = 
30,374)

UCI 
(n = 
18,255)

Patient Characteristics 

Age, median (years) 
Age, IQR (years)

65.1 
[56.7–73.5] 

65.3 
[56.0–74.6] 

61.6 
[49.9–72.7] 

62.5 
[47.8–75.6] 

Female (%) 36.3 34.4 44.3 49.2 
Black Race (%) 9.58 3.1 14.3 3.3 
Asian Race (%) 7.5 21.5 7.6 20.6 
White Race (%) 44.6 43.0 49.8 45.4 
Hispanic Ethnicity (%) 31.3 37.0 23.0 39.8 
Patient Outcomes 

ED LOS, median, (hours) 
ED LOS, IQR, (hours)

7.3 
[4.6–16.8] 

10.7 
[6.5–25.7] 

7.0 
[4.9–10.9] 

8.7 
[5.5–21.8] 

Prediction time, median (hours) 
Prediction time, IQR (hours)

3.0 
[2.0–4.5] 

2.5 
[1.8–3.2] 

2.8 
[2.0–4.0] 

2.6 
[2.0–3.5] 

MACE meds during encounter (%) 69.6 78.7 22.7 14.4 
MACE meds within 30 days (%) 75.4 82.3 25.0 15.6 

Lastly, the model uses the most recent chest x-ray impression available at 
the time of prediction to capture key MACE risk assessments not present in the 
EHR. This impression is analyzed using Claude 3.5 Sonnet with instructions to
provide a simple MACE risk assessment level (Low Risk, Borderline, High Risk,
or Imminent) as an input for our model.

These 40 quantitative and categorical model input features are used to train
an XGBoost model [7] to predict MACE within 30 days of the encounter start 
time. We use an 80/20 training/testing split of our UCSD encounters, thus train-
ing the model on 24,491 encounters and testing on the remaining 6,123 encoun-
ters. All 18,734 UCI encounters were kept together as an external validation
set.

The modeling pipeline was implemented in a HIPAA-compliant cloud envi-
ronment (AWS EC2), with secure access t o Claude via the Amazon Bedrock
Converse API.

3 Results 

This model obtains an Area Under the Curve (AUC) of 82.0% on the UCSD 
testing set, and an AUC of 74.6% on the UCI external validation set (Table 2). 
Model sensitivity is targeted at 70% on the testing set, which determined the 
threshold risk score for positive model prediction. At this threshold the Positive
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Predictive Value (PPV) is low (2.4% for the testing set, 10.6% for the validation 
set) but our NPV remains high, which aligns with the model’s goal to allow low-
risk patients to be safely discharged sooner. In the validation set, the sensitivity 
falls to 30.1%, suggesting a large distribution shift between these datasets. We
note that the majority of model predictions occurred within 3 h of ED arrival,
enabling actionable early risk stratification during ED evaluation.

Table 2. Model Performance at Development Site (UCSD) and V alidation Site (UCI).

Study Site AUC AUC-pr Sensitivity Specificity PPV NPV 
UCSD 82.0% 4.8% 70.8% 77.3% 2.4% 99.7% 
UCI 74.6% 9.7% 30.1% 93.3% 10.6% 98.1% 

For each study site, we bin the model predictions by hours from hospital 
arrival to analyze how the model performance changed with the prediction time
(Fig. 1). Since the NPV is the most critical metric for whether our model can 
allow earlier patient discharge, we compute a Spearman rank correlation [8] 
between hourly NPV and prediction hour of the model. The correlation was not 
statistically significant (p = 0.35 at UCSD, p = 0.16 at UCI), indicating no
evidence of a significant change in NPV by model prediction time.

Fig. 1. Model performance by time of prediction (hours from ED arrival).

4 Conclusion and Future Work 

ED overcrowding remains a persistent issue that impacts quality of care and 
increases patient morbidity and mortality. Chest pain, the second most common
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presentation to the ED, adds substantial pressure to already strained clinical 
workflows and excessive patient volume. By accurately distinguishing between 
low- and high-risk patients, real-time risk stratification tools offer the prospect
of reducing ED crowding by discharging low-risk patients sooner.

To improve our model, we would like to add more input features that would be 
available soon after a patient arrives in the ED. These desired features include 
ECG waveform data, chest x-ray image data, and clinical notes. Performance 
may be improved through site-specific retraining or recalibration at the valida-
tion site. 
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Abstract. Brain function monitors are a widely used tool in general 
anesthesia. For monitoring drug effects in procedural sedation, how-
ever, no objective device is currently available. While available moni-
tors offer no clinically significant benefit in sedation, the reasons are 
not well understood and labeled data lacking. To enable a data-driven 
approach for sedation depth prediction, we collected 2-channel fronto-
temporal EEG signals enhanced with additional biosignals during Propo-
fol sedation for gastrointestinal and bronchoscopic endoscopies. A total 
of 171 recordings were annotated in real-time with clinical events and the 
State of Consciousness (SoC) as well as clinical Sedation Depth. Overall, 
78.5 h of multimodal biosignal data with 1129 transitions of the SoC and 
7328 sedation depth data points measured on the MOAA/S scale have 
been collected. Applying advanced feature engineering and basic machine 
learning, we demonstrate that this data is suitable for predicting SoC and 
provides a sound foundation for research towards a reliable prediction of 
sedation depth. Notably , we introduce the underlying DOSE-I dataset
as the first public large-scale EEG-based multimodal dataset in routine
procedural sedation with rich clinical labeling.
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1 Use Case and Related Work 

Endoscopic procedures are essential for effective diagnostic evaluation and mini-
mally invasive procedures in hollow organs such as the gastrointestinal tract and 
lungs. Ensuring favorable conditions for patients and endoscopists, various forms 
of sedation and anesthesia are used. Patients benefit from sedation as it prevents 
them from experiencing unpleasant sensations, such as pain or fear. Facing an 
increasing use of minimally invasive endoscopic pro cedures, endoscopists rely on
sedation to maintain stable conditions throughout the procedure.

In gastrointestinal endoscopy, the most prevalent and well-researched method 
is nurse administered Propofol sedation (NAPS). Large scale retrospective and 
prospective trials, such as the ProSed-2 study with 368,000 endoscopies [1], found 
severe adverse events, such as the need for intubation, admission to an intensive 
care unit, or cardiopulmonary resuscitation at a rate of 0.01% and mild adverse 
events such as hypoxaemia, h ypotension or bradycardia at a rate of 0.3%. Other 
studies have reported similar or higher rates of adverse events [9,10]. 

Notably, however, studies in this area predominantly included healthier and 
fit patients, which may lead to underestimation of the risks of sedation in higher-
risk patient populations. In the ProSed-2 study, for example, .79% of the patient 
were classified with physical status of class I or II according to the American 
Society of Anesthesiologists (ASA). In their risk factor analysis, the ProSed-2 
study identified a higher ASA class (.> 2), prolonged procedures (.> 60 min-
utes), and therapeutic or emergency endoscopies as independent risk factors 
for complications. The combination of such factors – for instance a patient with 
cholangiosepsis undergoing a therapeutic endoscopic retrograde cholangiography 
– is associated with expected rates of severe adverse events exceeding .5%. 

Although monitoring narcosis depth with brain function monitors (BFMs) in 
general anesthesia is standard practice, such devices have not been developed for 
the endoscopy sedation setting. Studies evaluating the utility of BFMs for proce-
dural sedation have yielded mixed and negative results. For example, Chen et al. 
reported no benefit for BiSpectral Index (BIS) monitoring in titrating Propofol 
in patients undergoing colonoscopy, citing large lag times between changes in 
the clinical state and corresponding changes in the BIS value [2]. This finding 
has been corroborated by other studies [4,5,8]. 

In practice, effective monitoring sedation depth requires not only knowing 
current but also anticipating future sedation depth levels. To this end, a data-
driven prediction of sedation states based on EEG signals has been demonstrated 
to be a valuable tool for monitoring [7]. With this work, we extend our previous 
data-driven approach and release an open-access, rigorously clinically annotated, 
multimodal biosignal dataset to foster further research in this domain.

2 The DOSE-I Dataset 

The DOSE-I dataset is available online via this link: https://doi.org/0.5281/ 
zenodo.18483292.

https://doi.org/0.5281/zenodo.18483292
https://doi.org/0.5281/zenodo.18483292
https://doi.org/0.5281/zenodo.18483292
https://doi.org/0.5281/zenodo.18483292
https://doi.org/0.5281/zenodo.18483292
https://doi.org/0.5281/zenodo.18483292
https://doi.org/0.5281/zenodo.18483292
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Patients. Data collection was carried out at the University Hospital Halle 
(Saale), Germany (trail registration number: DRKS00016605). Patients sched-
uled for non-emergency endoscopy were included if they were aged 1 8 years and 
older, capable of giving informed consent, and subject to a planned sedation
duration exceeding .20 minutes. 71 patients were female (.42%), ASA physical 
status ranged from I to III and the mean age was 60.4 (21–83). Types of endo-
scopies included gastroscopies, colonoscopies, endoscopic ultrasounds, broncho-
scopies and endobronchial ultrasounds. A more detailed description of patients 
and procedures is provided in the supplementary technical documentation [6]. 

Recordings. Prior to the procedure, monitoring of five modalities (cf. Table 1) 
was established. For the electroencephalogram (EEG) recording, the patients’ 
forehead was degreased with alcohol to ensure impedance was below .10kΩ.  In  
addition to the raw waveforms, the monitor calculated various derived param-
eters, including heart rate, blood oxygen saturation .SpO2, spectral edge fre-
quency, respiratory rate and others (recorded at a frequency of 1 Hz). The final 
dataset includes 78.5 h in 171 records with durations ranging from 6.7 to 70.8 min 
(mean: 27.5, SD: 11.6) during 281 endoscopic procedures.

Table 1. Primary biosignals provided by the DOSE-I d ataset.

Biosignal Unit Frequency Range Chs Lead Configuration 
Electrocardiogram (ECG) mV 500 Hz . ±500.a 1 RA, LA, LL 
Electroencephalogram (EEG) . μV 125 Hz . ±187.5 2 Fp2-Fp1, Fz-F7, Gnd:Fpz. b

Plethysmography (PLETH) 125 Hz 0–100 1 Finger sensor 
Respiration (RESP) .Ω 62.5 Hz .−1 − 2 1 n/a 
Blood Pressure (non-invasive) mmHg 3  min 3. c

. 
a True biosignal data within approx. .±2.5mV , higher values are mostly pacer a rtifacts.
. 
b For left handed patients the setup was mirrored.
. 
c systolic, mean and diastolic values. 

Data Annotation. SoC was assessed by clinical staff using the isolated fore-
arm technique. Transitions between consciousness and unconsciousness were con-
firmed by an immediately repeated assessment and recorded as either a loss or 
return of consciousness. Depth of sedation was documented using MOAA/S [3]. 
Note that both MOAA/S scores 0 (no response to deep stimulus) and 1 (no 
response to mild prodding or shaking) were recorded as MOAA/S score 1 in 
order to avoid disturbing sedation and endoscopy. Assessment of both SoC and 
Sedation Depth were performed every 30 s; when necessary, investigators could 
conduct them in shorter intervals. Further clinical events (Propofol boluses, start
and end of endoscopic procedure) were recorded in real-time.
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Post-processing. Event markers were manually reviewed and corrected for 
input errors. Each record was truncated to a window beginning 1 min before the 
first administration of Propofol and ending 1 min after regaining consciousness 
and MOAA/S 5. ECG signals were resampled to a frequency of 250 Hz. Metadata 
for each recording include record length, cumulative time of unconsciousness, as 
we ll as availability and completeness of biosignal channels.

3 Data-Driven Prediction of State of Consciousness 

Building upon our previous work [7], we follow an approach of expert-driven 
feature engineering combined with established machine learning techniques for 
classification to predict the next SoC from the DOSE-I dataset. Prepro cessing 
was implemented in C, machine learning with Python and Scikit-learn. Code is
available online via https://safe-ai-research.github.io/DOSE-I. 

Preprocessing. Raw data were transformed into 34 pEEG features [7]  and  
supplemented additional data for each of the 171 recordings (e.g., 4 parameters 
from vital signs, and 6 static context variables from case report forms), yielding a 
comprehensive set of 44 features. With respect to the time series character of this 
task, we further processed this data into so-called lagged features, aggregating 
the respectiv e last four time windows into an averaged value.

Prediction Models. Using Scikit-learn’s standard implementations, we applied 
a decision tree (dtree), a random forest with 250 trees (forest), and a simple 
feedforward neural network (NN, multilayer perceptron with 1 hidden layer) to 
predict the next SoC value via binary classification. A stratified dumm y classifier, 
which randomly selects class labels according to the empirical class distribution 
in the t raining data, was used as a no-information baseline for comparison.

Fig. 1. Results per classifier (dummy, dtree, forest, NN) for predicting State of Con-
sciousness with 10-fold cross validation, grouped by metric.

https://safe-ai-research.github.io/DOSE-I
https://safe-ai-research.github.io/DOSE-I
https://safe-ai-research.github.io/DOSE-I
https://safe-ai-research.github.io/DOSE-I
https://safe-ai-research.github.io/DOSE-I
https://safe-ai-research.github.io/DOSE-I
https://safe-ai-research.github.io/DOSE-I
https://safe-ai-research.github.io/DOSE-I
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Training and Evaluation. For classifier training, we applied 10-fold cross-
validation over the 171 recordings, i.e., in each fold 90% of the recordings were 
used for training and 10% for testing. With respect to the 10-fold CV evaluation 
of the classifiers, we report mean values (.± standard deviation) of AUC, accu-
racy, precision/recall, and F1 score for all three classifiers as well as the dummy 
classifier and display metrics across all ten folds via boxplots (Fig. 1). 

Results. Mean accuracy over ten folds was higher for the random f orest
(74.1.%± 2.1) than for the neural network (72.1.%± 3.2) and the decision tree 
(69.2.%± 1.9). The same holds for F1 scores (decision tree: 70.2.%±0.6; random 
forest: 76.4.%± 1.4; neural network: 72.3.%± 3.6). Notably, mean values of all 
metrics are consistently higher for random forests than for decision trees, and 
standard deviations c onsistently lower for random forests than for neural net-
works.

4 Conclusions and Outlook 

Using the DOSE-I dataset, this preliminary work demonstrates the potential of 
large clinically annotated EEG datasets for the prediction of State of Conscious-
ness and Sedation Depth in endoscopy. The dataset used here is published in the 
context, of the Monitoring of Sedation for Endoscopy with Artificial Intelligence 
(SAFE-AI) Consortium, which aims to investigate the unique requirements of 
sedation monitoring as compared to general anesthesia, generate high-quality 
data to facilitate research on this topic and ultimately develop a device to effec-
tively monitor sedation in the endoscopy setting. In future work, we will extend 
this approach from predicting binary States of Consciousness to predicting seda-
tion depth based on the ordinal multi-level MOAA/S scale. 
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Abstract. Prognostic indices for survival following CAR-T therapy fail-
ure typically rely on expert-defined binary thresholds to discretize con-
tinuous features. While this point-sum approach offers interpretability, 
it inherently compresses feature variance. This study aims to quantify 
the information loss caused by heuristic discretization and establish a 
data-driven upper bound for prognostic performance of well known clin-
ical indices. Using a multi-center dataset of 130 post-CAR-T patients, 
we compared the standard clinical scoring system with respect to a con-
tinuous, gradient-optimized model. We utilized the same set of clini-
cal features but maintained their continuous distributions, optimizing a 
Cox Proportional Hazards risk function via gradient descent. To ensure 
robustness and generalizability, the data-driven upper bound was esti-
mated using repeated k-fold cross-validation. Furthermore, we applied 
spectral clustering to the optimized risk space to identify a density-based 
patient stratification strategy avoiding heuristic thresholds. Results indi-
cate that heuristic discretization incurs a significant performance penalty. 
The data-driven model achieved a C-index of 0.74, outperforming the 
clinical baseline (C-index 0.69) and reducing the log-rank p-value by
three orders of magnitude (from 5 ·10−4 to 1 ·10−7), particularly between
high and intermediate risk groups). Kaplan-Meier analysis revealed that
the optimized model yielded distinct risk stratifications with almost com-
pletely non-overlapping 95% CIs, solving the issue of overlapping confi-
dence intervals (CIs) which affects the clinical index. We conclude that
current clinical indices are not capturing all the significant prognos-
tic information, and that preserving feature continuity and leveraging
a data-driven optimization approach offers a more precise, statistically
rigorous benchmark for cellular therapy outcomes.
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1 Introduction 

In the clinical setting, the gold standard for patient evaluation often relies on 
prognostic indices that are simple, and easy to use at the bedside. In emath-
ology, in particular, in predicting post-CAR-T therapy relapses, indices such 
as the Endothelial Activation and Stress Index (EASIX) [7] and the Post-CAR 
Prognostic Index (PC-PI) [3] are widely utilized. These tools typically rely on 
point-sum scoring systems, which discretize continuous biological markers by the 
application of thresholds. 

However, a fundamental question remains: How optimized are those thresh-
olds? The lack of known benchmarks, arises the problem of determining whether 
an index is truly optimal or merely the best among heuristic approximations. 
Discretizing continuous variables inherently compresses feature variance, leading 
to an invisible yet significant loss of prognostic information. 

To address this gap, this work proposes a data-driven artificial intelligence 
methodology to identify an optimal index. This optimized model serves as a 
benchmark, of prognostic accuracy given a specific feature space. By establishing 
the absolute ceiling of predictive capacity, we can quantify the exact amount of 
information currently captured by existing clinical indices versus the amount 
lost due to heuristic thresholding. 

While demonstrated on CAR-T relapses, this work proposes a methodological 
framework rather than a novel state-of-the-art model. By intentionally optimiz-
ing a standard clinical Cox model, we isolate the performance gained purely by 
eliminating heuristic discretization. 

2 Material and Methods 

2.1 Dataset and Clinical Features 

This study utilized a multi-center dataset comprising 130 patients who under-
went CAR-T cell therapy. To ensure a fair comparison, the feature space was 
strictly limited to the standard clinical biomarkers currently used to compute 
the EASIX and PC-PI scores. 

2.2 Baseline Clinical Indices 

Baseline evaluations utilized the core EASIX and PC-PI formulations, strictly 
retaining standard multivariate features. As adapting established prognostic 
indices is a recognized methodological practice to enforce equitable comparisons, 
baselines were structurally harmonized. To ensure a uniform three-tier evalua-
tion, EASIX was tertiled according to clinical literature norms, while the inter-
mediate PC-PI cohorts were simply merged. Retaining these fixed, literature-
based thresholds ensures the baselines reflect actual clinical practice, focusing 
the comparison strictly on standard discretization limitations.
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2.3 Data-Driven Optimization 

To construct the benchmark index, we maintained the standard clinical feature 
space to ensure a stable events-per-variable ratio. Survival probabilities were 
modeled using a Cox Proportional Hazards (CPH) [1] risk function optimized 
via gradient descent. Robustness was ensured through repeated k-fold cross-
validation. Crucially, to strictly prevent information leakage, the model’s single 
hyperparameter was tuned entirely internally within the training folds, mitigat-
ing overfitting risks on the 130-patient cohort. 

2.4 Spectral Clustering for Stratification 

To translate the continuous optimized risk space back into clinically action-
able groups, we applied spectral clustering [6]  [5] to the model’s output. Unlike 
heuristic binning, spectral clustering identifies natural, density-based stratifica-
tions within the optimized hazard ratios, allowing the data structure itself to 
define the boundaries between low, intermediate, and high-risk patient groups. 

3 Results and Discussion 

3.1 Kaplan-Meier Survival Analysis 

The performance of the traditional indices was visually and statistically com-
pared against the proposed data-driven benchmark using Kaplan-Meier(KM) [4] 
survival curves. 

As observed in the top row of Fig. 1, the standard clinical scores struggle with 
distinct patient stratification. A recurrent issue across both baseline models is 
the presence of heavily overlapping 95% Confidence Intervals (CIs), particularly 
between the intermediate and high-risk patient cohorts. This overlap empirically 
demonstrates the information loss caused by heuristic discretization. 

Conversely, our data-driven solution (Fig. 1, bottom-left) demonstrates a 
highly distinct risk stratification. By utilizing spectral clustering on a continuous 
gradient-optimized space, the resulting patient groups exhibit almost completely 
non-overlapping CIs. The pairwise log-rank tests (Fig. 1, bottom-right) further 
validate this, showing significantly stronger distinction between the intermediate 
and high-risk groups compared to standard baselines. 

3.2 Performance Benchmarking 

To quantify this overall improvement, C-indices [2] were calculated for all models 
(Fig. 1, bottom-right). 

The data-driven model achieved a C-index of 0.74, substantially outperform-
ing the highest-scoring clinical baseline (C-index 0.69). Furthermore, the opti-
mized model reduced the overall log-rank p-value by three orders of magnitude 
(from 5 · 10−4 to 1 · 10−7).
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Fig. 1. Kaplan-Meier survival analysis and performance metrics. Top-Left: EASIX. 
Top-Right: PC-PI. Bottom-Left: Proposed gradient-optimized continuous feature 
model. Bottom-Right: Concordance index (C-index) and pairwise log-rank test p-
values between risk stratifications.

Crucially, the benchmark C-index of 0.74 represents the theoretical upper 
bound of this specific dataset. It confirms that while the standard indices are 
highly practical, they are currently leaving significant predictive power on the 
table. The fact that the benchmark is not 1.0 validates our hypothesis: it accu-
rately reflects the actual limit of prognostic information contained within stan-
dard biomarkers, defining exactly how much a clinical index can realistically be 
improved before requiring entirely new types of medical data. 

4 Conclusion and Future Work 

Current clinical best practices heavily rely on easy-to-use prognostic indices 
always validated but often without a parameter optimization: as shown in our 
analysis of post-CAR-T relapses, the heuristic discretization of continuous vari-
ables incurs a severe performance penalty. By maintaining feature continuity and 
optimizing a Cox Proportional Hazards model via gradient descent, we estab-
lished a data-driven upper bound for prognostic accuracy. 

Our optimized model outperformed established scores (EASIX, PC-PI), 
achieving a C-index of 0.74 and generating distinct, density-based patient strat-
ifications with much more robust confidence intervals. This work provides a
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fundamental methodological shift: rather than just proposing a new score, we 
provide a mathematical benchmark to measure the true information capacity 
of a threshold-based scoring index. Future work will focus on extending this 
benchmarking methodology to other complex prognostic settings and the fur-
ther development of a software library for indeces benchmarking. 
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Abstract. Administrative claims data provide large-scale coverage of 
healthcare utilization but pose challenges for predictive modeling due 
to sparse, high-dimensional coding and limited clinical structure, par-
ticularly in psychiatric populations. Existing graph and transformer 
approaches often rely on fully supervised training or longitudinal 
sequence modeling, which may not fully exploit within-encounter struc-
ture. We propose PreClaim-GCT, a graph–transformer framework 
for encounter-level representation learning using self-supervised masked 
code modeling. Each inpatient encounter is represented as a graph with 
heterogeneous diagnosis and medication codes anchored at a central 
node. The model is pretrained using masked code reconstruction to cap-
ture within-encounter co-occurrence patterns without outcome labels,
and then fine-tuned for incident post-discharge risk prediction. Across
outcomes and horizons, self-supervised pretraining improves performance
over strong baselines and the same architecture without pretraining.
These results demonstrate that encounter-level self-supervised learning
enhances post-discharge risk prediction in administrative claims data.

Keywords: heterogeneous graph · graph transformer · self-supervised 
learning · administrative claims data · healthcare prediction

1 Introduction 

Administrative healthcare claims data provide large-scale coverage of health-
care utilization but pose challenges for machine learning, including sparse high-
dimensional coding, limited clinical context, and weak supervision—particularly 
for predicting conditions following inpatient discharge. These challenges are
amplified in psychiatric and comorbid populations, where complex diagnosis
and medication patterns complicate representation learning [1,2]. Graph and 
graph–transformer models improve modeling of structured medical data [3,4], 
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P. Andreev et al. (Eds.): AIME 2026, LNAI 16749, pp. 324–329, 2027. 
https://doi.org/10.1007/978-3-032-30813-9_60

http://crossmark.crossref.org/dialog/?doi=10.1007/978-3-032-30813-9_60&domain=pdf
https://doi.org/10.1007/978-3-032-30813-9_60


PreClaim-GCT 325

but many approaches rely on fully supervised training o r longitudinal sequence
modeling [5,6], which may be less effective for claims data with sparse labels. We
introduce PreClaim-GCT (Fig. 1), a self-supervised graph–transformer model 
for encounter-level representation learning from administrative claims data. Each 
encounter is represented as a heterogeneous graph of diagnosis and medication 
nodes anchored at a central node. Unlike prior work, PreClaim-GCT excludes 
inter-encounter edges to isolate within-encounter structural learning and is pre-
trained using masked code reconstruction without outcome labels, follo wed by
supervised fine-tuning for incident post-discharge prediction. Empirically, self-
supervised pretraining improves performance over strong baselines and general-
izes across outcomes with different prevalence levels.

Fig. 1. Encounter-level graph of PreClaim-GCT with mask ed code pretraining.

2 Methods 

Encounter Graph Construction. Each encounter is represented as a het-
erogeneous graph .G = (V,E) (Fig. 1). The graph contains three node types: 
Enc (encounter), DX (diagnosis), and RX (medication), embedded in a shared 
space. Primary and secondary diagnoses use separate edge types. During super-
vised fine-tuning, patient, age, and gender nodes are added for demographic 
conditioning. A reserved [MASK] token is used during self-supervised pretrain-
ing. A subset of diagnosis and medication nodes is masked using [MASK]. Edges 
connected to masked nodes are r emoved to prevent identity leakage. Pretrain-
ing uses encounter–code relations, while fine-tuning adds patient and demo-
graphic edges; no edges connect distinct encounters. Heterogeneous Graph-
Transformer Encoder. All nodes are embedded in a shared .d-dimensional 
space with relation-specific transformations. Diagnosis and medication embed-
dings are initialized using code hierarchy. At layer . , node representations . h( )

v

are updated via relation-aware attention over neighbors .Nr(v) with .H = 2 heads. 
Query and key projections are .q(k)

v = Qkh
( )
v and .k(k)

u = Kkh
( )
u , with atten-

tion score .e
(k,r)
uv = (q(k)

v ) k(k)
u√

dk
. Attention is normalized within each relation:

.α(k,r)
uv =

exp(e(k,r)
uv )

u ∈Nr(v)
exp(e(k,r)

u v )
. (1)
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Messages are transformed as .m(r)
u→v = Wrh

( )
u , and node up dates are

.h( +1)
v = LayerNorm

⎛

⎝h( )
v +

r

H

k=1 u∈Nr(v)

α(k,r)
uv Vkm(r)

u→v

⎞

⎠ . (2) 

The final encounter-node representation is used for downstream prediction.

Masked Code Modeling with In-Batch Contrastive Loss. PreClaim-
GCT is pretrained using masked code modeling o n heterogeneous encounter
graphs. Let . C denote diagnosis and medication nodes and let .M ⊂ C be the 
masked subset sampled with masking rate . ρ. For each masked encoun ter–code
pair .(vk, ck), a positive pair is formed between encounter embedding .hvk

and 
code embedding .eck . All other masked codes in the minibatch serve as implicit 
negatives. We optimize an in-batch InfoNCE objective [7]: 

.LSSL = −
M

k=1

log
exp(sim(hvk

, eck)/τ)
M
j=1 exp(sim(hvk

, ecj )/τ)
, (3) 

where .sim(·, ·) denotes cosine similarity and . τ is the temperature parameter (set 
to 0.07). The pretrained encoder is later fine-tuned end-to-end for supervised
incident outcome prediction.

3 Downstream Tasks and Experimental Setup 

Study Cohort and Prediction Setting. We used New York State (NYS) 
Medicaid claims data (2016–2023), including individuals with at least one psy-
chiatric hospitalization during 2016–2021. The cohort comprised approximately 
159,000 patients and 759,000 inpatient encounters (16.9 codes per encounter). 
Data were split at the patient level into training (70%), validation (15%), and 
test (15%) sets. All training data were used for self-supervised pretraining, while 
20% of training patients were sampled for supervised fine-tuning and resam-
pled five times. Continuous enrollment was required for downstream predic-
tion, with 365 days prior to admission and 365 or 730 days post-discharge.
Each prediction instance corresponds to an index encounter (defined here as an
inpatient hospitalization) represented as the heterogeneous graph in §2. Inci-
dent Post-discharge Outcomes. We evaluate two tasks using 365- and 730-
day windows: new-onset diabetes and new-onset depression. Incident out-
comes are defined as the first diagnosis within the window among individu-
als without history; task-specific eligibility criteria determine the final evalua-
tion cohort (i.e., 315k for d iabetes-365). Baseline Models and Evaluation
Setup. We compare against logistic regression (LR), XGBoost, graph neural
networks (GCN [8], GAT [9]), a BEHRT-style transformer [5], and two variants 
of PreClaim-GCT. All models use identical patient-level splits and input features 
to ensure fair comparison and are evaluated with AUC-ROC and AUC-PR. LR
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and XGBoost use multi-hot features; GCN and GAT use the same graph; and 
BEHRT uses diagnosis sequences without explicit graph edges. PreClaim-GCT 
(Random) and (SSL) share the same architecture, isolating the effect of self-
supervised pretraining. Training Details. Models were trained using Adam 
with hidden dimension 128, three layers and two attention heads. During pre-
training, 15% of nodes are masked and reconstructed using an in-batch InfoNCE
objective with temperature .τ = 0.07, consistent with contrastive learning [10]. 
The pretrained encoder is then fine-tuned end-to-end with early stopping based
on validation AUC-PR.

Table 1. Incident outcome prediction (mean .± std across five resampled splits). Best 
performance in each c olumn is shown in bold.

Diabetes Depression 
Model AUC-ROC AUC-PR AUC-ROC AUC-PR 
365 days 

LR 0.632.± 0.017 0.110.± 0.006 0.589.± 0.008 0.285.± 0.007 
XGBoost 0.673.± 0.010 0.130.± 0.003 0.618.± 0.009 0.313.± 0.007 
GCN [8] 0.675.± 0.011 0.121.± 0.007 0.597.± 0.005 0.284.± 0.009 
GAT [9] 0.662.± 0.021 0.116.± 0.010 0.583.± 0.006 0.275.± 0.006 
BEHRT [5] 0.678.± 0.009 0.121.± 0.006 0.606.± 0.013 0.297.± 0.011 
PreClaim-GCT (Random) 0.677.± 0.004 0.118.± 0.005 0.623.± 0.008 0.309.± 0.005 
PreClaim-GCT (SSL) 0.690.± 0.002 0.134.± 0.003 0.633.± 0.004 0.322.± 0.005 

730 days 

LR 0.641.± 0.019 0.186.± 0.010 0.596.± 0.006 0.399.± 0.005 
XGBoost 0.675.± 0.011 0.208.± 0.004 0.627.± 0.009 0.432.± 0.012 
GCN [8] 0.670.± 0.007 0.197.± 0.005 0.596.± 0.022 0.389.± 0.022 
GAT [9] 0.650.± 0.014 0.178.± 0.011 0.586.± 0.027 0.380.± 0.024 
BEHRT [5] 0.681.± 0.003 0.206.± 0.008 0.614.± 0.014 0.415.± 0.015 
PreClaim-GCT (Random) 0.671.± 0.009 0.197.± 0.009 0.619.± 0.001 0.423.± 0.006 
PreClaim-GCT (SSL) 0.686.± 0.003 0.215.± 0.004 0.634.± 0.014 0.444.± 0.007 

4 Results 

Table 1 reports incident prediction performance. PreClaim-GCT achieves the 
best performance. For diabetes, pretraining improves ROC by . ∼2% and AUC-
PR by 10–15% over the randomly initialized model, with similar gains observed 
for depression. These trends persist at the 730-day horizon, where PreClaim-
GCT (SSL) outperforms all baselines, including XGBoost, BEHRT, and the
same architecture without pretraining. Statistical Significance Analysis.
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We assessed statistical significance following [11] using a Friedman test across 
all seven models based on AUC-PR. The analysis includes five repeated sub-
training splits and four prediction settings, yielding 20 evaluation blocks. The
Friedman test indicated significant differences across models (.χ2 = 74.16, 
.p < 0.001). PreClaim-GCT (SSL) achieved the best average rank (1.13), fol-
lowed by XGBoost (2.09) and BEHRT (3.75). Post-hoc Wilcoxon signed-rank 
tests with Holm correction confirmed that PreClaim-GCT (SSL) significantly
outperformed PreClaim-GCT (Random), XGBoost, and BEHRT (.p < 0.001). 

5 Discussion and Conclusion 

Interpretation of Representation Gains. Larger improvements for depres-
sion suggest that masked code modeling captures dense co-occurrence patterns, 
whereas diabetes prediction may depend more on longer-term processes. Consis-
tent gains indicate improved representation quality. Although gains over strong 
baselines are modest, comparison between PreClaim-GCT (Random) and Pre-
Claim-GCT (SSL) isolates the effect of self-supervised pretraining. Because both 
models share the same encoder, improvements arise from representation learning. 
In claims data with sparse labels, even modest AUC-PR gains remain mean-
ingful. Implications for Claims-Based Modeling. The framework lever-
ages diagnosis–medication co-occurrence to learn relational structure without 
curated ontologies, making it suitable for large-scale claims data. Operating at 
the encounter level, it generalizes across outcomes without requiring longitudi-
nal modeling. Conclusion and Limitations. We presented PreClaim-GCT, 
a graph–transformer model combining self-supervised masked cod e pretraining
with supervised fine-tuning for incident outcome prediction from claims data.
The approach consistently outperforms strong baselines, demonstrating the effec-
tiveness of encounter-level self-supervised representation learning. This study
focuses on a single state claims system. Hyperparameters were selected based
on validation performance and common practice; systematic sensitivity analysis
is left for future work. Future work will evaluate generalizability and explore
integration with longitudinal modeling.
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atten tion networks. In: Proceedings of ICLR (2018)

10. Chen, T., Kornblith, S., Norouzi, M., Hinton, G.: A simple framework for con-
trastive learning of visual representations. In: P roceedings of International Confer-
ence on Machine Learning (ICML), pp. 1597–1607 (2020)
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Abstract. Recent advances in artificial intelligence (AI), machine learning, and 
data analytics have transformed the acquisition and interpretation of large-scale 
physiological data, enabling real-time cardiovascular monitoring through wear-
able devices. This study aimed to analyze the contributions of AI-integrated wear-
able systems to early cardiovascular disease monitoring and risk prediction. A 
PRISMA-informed narrative review was conducted using PubMed, SciELO, Web 
of Science, and Scopus, including studies published between 2020 and 2025. Seven 
studies met the inclusion criteria and were critically analyzed. The findings indi-
cate that AI-driven wearable systems effectively process multimodal data—such as 
blood pressure, physical activity, and behavioral patterns—supporting continuous 
monitoring, early detection, and automated risk assessment. These technologies 
were associated with clinically relevant reductions in blood pressure, improved 
patient engagement, and enhanced self-management. Despite these advances, such 
systems should be considered complementary clinical decision-support tools. In 
conclusion, AI-integrated wearable technologies represent a scalable and promis-
ing approach for cardiovascular risk prediction, highlighting the need for further 
validation and real-world application. 

Keywords: Computer Science · Machine Learning · Health 

1 Introduction 

Wearable technologies are compact, body-integrated devices that can be classified as pri-
mary (e.g., smartwatches) or secondary (e.g., chest straps), enabling continuous physio-
logical monitoring through integrated or transmitted data. Their accessibility and capac-
ity for long-term self-monitoring contribute to improved patient adherence and reduced 
healthcare costs [1]. 

Advances in digital health have increased the demand for innovative disease detection 
strategies. A key milestone was the approval of the Apple Watch by the FDA for atrial
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fibrillation monitoring, demonstrating high diagnostic accuracy [2]. Currently, wearable 
technologies extend beyond arrhythmia detection to include hypertension management, 
heart failure monitoring, and broader cardiovascular risk control. Studies have shown 
that devices such as Fitbit Flex 2 and ActiGraph GT3X can reduce systolic blood pressure 
(SBP) when integrated into exercise programs, while digital therapeutic systems such as 
HERB-DH1 improve hypertension control through combined monitoring and lifestyle 
interventions [3, 4]. 

The integration of artificial intelligence (AI) has further enhanced these systems by 
enabling automated analysis of large-scale multimodal data. AI-driven models, includ-
ing convolutional neural networks (CNNs) and long short-term memory (LSTM), have 
demonstrated high accuracy in detecting cardiovascular abnormalities and predicting 
risk, supporting early and personalized interventions [5, 6]. 

In this context, the present study aims to analyze the contributions of artificial intel-
ligence in healthcare when integrated with wearable technologies for early monitoring 
and prediction of cardiovascular diseases. 

2 Methodological Framework 

This study was conducted as a narrative review informed by the PRISMA (Preferred 
Reporting Items for Systematic Reviews and Meta-Analyses) guidelines to ensure 
methodological transparency and rigor. 

A systematic search was performed in the PubMed, Scopus, Web of Science, and 
SciELO databases, including studies published between 2020 and 2025. The search 
strategy combined descriptors related to artificial intelligence, wearable technologies, 
and cardiovascular diseases, using Boolean operators (AND/OR). 

Studies were included if they involved the application of artificial intelligence to 
wearable technologies with a focus on cardiovascular monitoring or prediction, includ-
ing randomized clinical trials, observational studies, and technological developments. 
Editorials, letters, and duplicate records were excluded. 

The study selection process followed PRISMA stages, including identification, 
screening, eligibility, and inclusion (Fig. 1). Two reviewers independently conducted 
the selection, and disagreements were resolved by consensus. 

Data extraction included study design, sample characteristics, AI techniques, wear-
able devices, and main outcomes. A qualitative synthesis was performed, focusing 
on predictive performance, clinical relevance, and applicability of AI-driven wearable 
systems. 

The guiding research question was defined as follows: What are the contributions of 
artificial intelligence in healthcare when integrated with wearable devices for the early 
monitoring of cardiovascular diseases? 

3 Results and Discussion 

Seven studies were included in this review: Rodrigues [7], Persell et al. [8], Leitner et al. 
[9], Branch et al. [10],  Grazit  et  al  . [11], Kario et al. [4], and Paz et al. [12], selected due to 
their methodological alignment with the study objective and relevance to AI-integrated 
wearable technologies for cardiovascular monitoring.
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Fig. 1. PRISMA 2020 flow diagram of the study selection process. The diagram illustrates the 
identification, screening, eligibility assessment, and final inclusion. 

The findings indicate a consistent trend in which the integration of AI with wearable 
devices improves blood pressure (BP) monitoring, particularly through clinically mean-
ingful reductions in systolic blood pressure (SBP) [4, 7–12]. These results reinforce the 
growing evidence supporting the effectiveness of AI-driven digital health interventions. 

Rodrigues [7] highlighted the efficiency of wearable devices in remote BP mon-
itoring, enabling continuous data acquisition and real-time clinical decision sup-
port. Similarly, Persell et al. [8] demonstrated that AI-supported applications enhance 
self-monitoring behaviors and patient engagement, despite modest BP reductions. 

Leitner et al. [9] reported significant reductions in SBP and diastolic BP through AI-
driven personalized interventions, illustrating the role of machine learning in adaptive 
digital therapeutics. In line with these findings, Branch et al. [10] observed greater 
BP reductions in high-risk individuals, emphasizing the importance of AI-based risk 
stratification. 

Additionally, AI-integrated systems enable continuous monitoring of physiologi-
cal signals and early detection of abnormal cardiovascular patterns, supporting preven-
tive healthcare strategies. Grazit et al. [11] and Paz et al. [12] further demonstrated 
that mobile health programs contribute to long-term BP control and improvements in 
cardiometabolic risk factors. 

Despite these advances, AI-based wearable technologies should be considered com-
plementary tools rather than replacements for clinical decision-making. Their effective 
implementation requires integration into healthcare systems, ethical data management, 
and robust clinical validation [4].
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4 Conclusions 

The findings of this review indicate that the integration of artificial intelligence with 
wearable technologies is a promising strategy for continuous monitoring and early pre-
diction of cardiovascular diseases, particularly hypertension. The analyzed studies con-
sistently reported clinically relevant reductions in systolic blood pressure, reinforcing 
the effectiveness of AI-enabled digital health interventions. 

From a health promotion perspective, these technologies support personalized, data-
driven interventions based on real-time physiological and behavioral metrics. However, 
they should be considered complementary tools rather than replacements for clinical 
expertise. 

Their effective implementation requires integration into healthcare systems, sus-
tained patient engagement, and further validation through robust clinical research. Future 
studies should focus on model transparency, generalizability, and long-term applicability 
in diverse populations. 
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Abstract. Learning-based fluence map prediction offers a fast alterna-
tive to iterative inverse planning in intensity-modulated radiation ther-
apy (IMRT), but its robustness under realistic distribution shifts remains 
unclear. We study a two-stage transformer pipeline that maps anatomy 
(CT and contours) to dose and then to beamlet fluence maps. We 
compare fluence-stage transformer backbones with hierarchical, global, 
and hybrid attention, trained with a physics-informed loss enforcing 
energy consistency. Robustness is evaluated under geometric perturba-
tions, radiometric noise, reduced training data, and domain shifts using 
a prostate IMRT dataset, with additional evaluation of the dose stage 
on public datasets. Results show smooth degradation under moderate
perturbations but sharp failures under severe rotations and noise. Hier-
archical transformers (e.g., SwinUNETR) exhibit slower growth in upper-
quartile energy error, indicating improved robustness. We further show
that SSIM alone fails to capture clinically relevant errors, highlighting
the need for physics-informed evaluation.

1 Introduction 

Radiotherapy planning operates under unavoidable uncertainty in imaging, 
patient setup, and anatomy, exposing learning-based models to distribution shifts 
at deployment . While deep learning has shown strong performance in dose and
fluence prediction [1–3], most evaluations assume stable data distributions and 
do not assess robustness under realistic perturbations encountered in clinical
workflows.

In medical AI, models are known to degrade under dataset shift, noise, and
geometric perturbations [4,5]. In radiotherapy, prior robustness studies have 
focused primarily on segmentation and dose prediction [6], often evaluating sensi-
tivity at the level of contours or dose distributions. Direct fluence map prediction 
poses additional challenges: fluence maps are constrained by b eam geometry and
energy conservation, and small perturbations can induce non-linear, clinically
significant deviations [7]. 
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Unlike prior work that emphasizes architectural improvements, we treat flu-
ence prediction as a robustness evaluation problem. Building on the Fluence-
Former framework [8], we perform a systematic stress test under deployment-
relevant perturbations, including geometric misalignment, radiometric noise, 
domain shifts, and limited training data. We analyze how architectural choices 
affect degradation and demonstrate that physics-based metrics reveal failure 
modes not captured b y image similarity alone. This reframes fluence predic-
tion as a robustness auditing task and highlights the importance of reliability
assessment for safe clinical deployment.

2 Methods 

2.1 Problem Formulation and Evaluation Setup 

We model IMRT planning as a two-stage pipeline. Let I ∈ RH×W ×Z denote 
the planning CT, where H, W ,  and  Z are spatial dimensions, and M ∈
{0, 1}K×H×W×Z the anatomical masks.

The first stage predicts dose: 

gφ(I,M) → D̂, (1) 

and the second stage predicts beamlet fluence maps: 

fθ(D̂, B) → F̂ , (2) 

where D̂ and F̂ denote predicted dose and fluence, and B encodes beam geom-
etry.

2.2 Model and Training 

We adopt the FluenceFormer framework [8] and compare transformer backbones 
including SwinUNETR, UNETR, nnFormer, and M edFormer under a shared
pipeline.

Training uses a Fluence-Aware Regression (FAR) loss: 

LF  AR  = αLM  SE  + βLGrad + γLCorr + δLEnergy, (3) 

where LM  SE , LGrad, LCorr,  and  LEnergy denote voxel, gradient, correlation, and 
energy terms, and α, β, γ, δ are weights.

2.3 Datasets and Evaluation 

We use a 99-case prostate IMRT dataset with CT, contours, dose, and fluence 
maps, and evaluate cross-dataset generalization on OpenKBP [9] and CORT [10] 
(CT, contours, dose only). Models are trained on 128×128 grids with normalized
CT.

Performance is measured using Structural Similarity Index Measure (SSIM) 
and upper-quartile energy error (EQ75 

err ) to capture structural fidelity and clini-
cally relevant worst-case deviations. We also assess DVHs on public datasets for
clinical relevance.
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2.4 Robustness Evaluation 

We evaluate robustness under four deployment-relevant perturbations: geometric 
shifts (3–5 mm) and rotations (2◦–5◦), Gaussian noise (σ =  0.05–0.20), intensity 
bias fields, and reduced training data. These perturbations are motivated by 
robustness evaluation in radiotherapy, where setup uncertainties and worst-case
analysis (e.g., ∼3 mm deviations) assess plan sensitivity [11,12]. 

All perturbations are applied at inference to stress-test both stages of the 
pipeline, enabling analysis of failure modes under structured distribution shifts.

3 Results 

3.1 Geometric Robustness 

Transformer models show stable performance under shifts but degrade under
rotations (Fig. 1), with increased energy error. FluenceFormer backbones are 
substantially more robust than baselines: at 2◦, SwinUNETR achieves 7.32%
error vs 17.70% for CNN [13]  (>2× lower), with similar SSIM. This gap widens at 
5◦ (9.33 vs 20.86). Across models, FluenceFormer variants remain below ∼12%
error, while baselines exceed ∼18–20%, indicating better physical consistency
despite comparable SSIM.

Fig. 1. Qualitative geometric robustness. Ground-truth fluence maps (repeated 
for visual reference) remain invariant, as geometric p erturbations are applied only at
inference.

3.2 Radiometric Robustness 

All models degrade smoothly as noise increases. SwinUNETR drops from 0.74 
to 0.65 SSIM (∼12%), UNETR from 0.64 to 0.55 (∼14%), and MedFormer from 
0.62 to 0.53 (∼15%), while nnFormer shows the largest degradation, from 0.55 
to 0.44 (∼20%). Overall, hierarchical models (SwinUNETR, MedFormer) retain
higher performance under noise, whereas nnFormer is more sensitive, indicating
reduced robustness to radiometric perturbations.
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3.3 Domain and Data Robustness 

Under domain shifts, SSIM changes minimally (∼2–4%), while energy error 
increases by up to ∼30%, indicating physically inconsistent predictions. Swi-
nUNETR sho ws smaller error growth (7.33→9.65) than CNN baselines (>14%).

With reduced data, SwinUNETR drops ∼14% SSIM (0.76→0.65), while 
nnFormer degrades most (∼31%) (Table 1). Overall, hierarchical models retain 
better performance, indicating improve d robustness and data efficiency.

Table 1. Data efficiency and scaling. SSIM and upper-quartile energy error EQ 75
err as a

function of training data fraction.

Backbone Metric 25% 50% 75% 100% 
SwinUNETR SSIM↑ 0.65 ± 0.09 0.71 ± 0.08 0.74 ± 0.07 0.76 ± 0.08 

EQ75 
err ↓ 10.56 7.32 5.43 4.67 

UNETR SSIM↑ 0.58 ± 0.09 0.62 ± 0.08 0.65 ± 0.07 0.67 ± 0.07 
EQ75 

err ↓ 12.56 10.89 10.56 8.67 

nnFormer SSIM↑ 0.40 ± 0.09 0.52 ± 0.08 0.55 ± 0.07 0.58 ± 0.06 
EQ75 

err ↓ 12.78 11.89 11.56 10.34 

MedFormer SSIM↑ 0.52 ± 0.08 0.58 ± 0.08 0.62 ± 0.07 0.65 ± 0.06 
EQ75 

err ↓ 12.26 11.92 11.45 10.67 

3.4 External Robustness of Dose Prediction on Public Datasets 

We evaluate cross-dataset robustness by applying the prostate-trained dose 
model to OpenKBP and CORT. As shown in Fig. 2, DVHs degrade smoothly

Fig. 2. DVH robustness on public datasets. DVH curves on OpenKBP (top) and 
CORT (bottom) under bias and noise. Shaded: ground truth mean±std; lines: model
predictions.
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under bias and noise. SwinUNETR and UNETR remain closest to ground truth, 
while nnFormer and MedFormer deviate more, indicating generalization under
moderate domain shift. End-to-end fluence robustness cannot be assessed with-
out fluence labels.

4 Discussion and Conclusion 

We evaluate the robustness of transformer-based fluence prediction under clin-
ically motivated perturbations reflecting deployment-time uncertainty. Perfor-
mance degrades under moderate stress and deteriorates under severe rotations 
and noise (e.g., SwinUNETR energy error increases from ∼7% to ∼9%, while
CNN baselines exceed ∼20%).

Hierarchical transformers show improved robustness, while SSIM alone fails 
to capture clinically relevant errors. Energy-based metrics rev eal failure modes
that are visually plausible but physically inconsistent.

These findings emphasize that robustness evaluation, rather than architec-
tural novelty alone, is critical for assessing clinical reliability. Overall, robust-
ness auditing a nd physics-informed evaluation are essential for safe and reliable
deployment.
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Abstract. Harmonization of clinical laboratory data is essential to scal-
able secondary use. The focus of this standardization is typically set on 
the most commonly ordered labs, which account for the largest volume 
of clinical facts, but this approach underestimates the clinical relevance 
of less frequent lab tests, crucial in state-of-the-art research. This work 
explores the quantification of term clinical relevance via representativ-
ity in peer-reviewed publications that could be used as a harmonization 
prioritization indicator. We tested different AI-ML techniques, evaluat-
ing the extraction of laboratory components from published abstracts 
and titles: exact matching, fuzzy matching, Named Entity Recogni-
tion (NER), logistic regression and BioMistral. Using UMLS synonyms 
as data augmentation, combined approaches were trained and tested
against an expert-annotated document corpus. NER with logistic regres-
sion proved to obtain the most comprehensive and accurate results. This
technique combination was then used to extract lab terms from a tar-
geted PubMed dataset, consisting of 2118 abstracts with expected lab-
oratory tests. The obtained terms depict trends observed in literature,
whose relevance could complement existing standardization approaches
to support groundbreaking research.

Keywords: Standardization · Laboratory Data · Artificial 
Intelligence · Secondary Use · Knowledge Extraction

1 Introduction 

Laboratory results captured within electronic health records are a highly valu-
able resource for a wide range of secondary applications of clinical data [6], yet 
this data domain is characterized by significant complexity and heterogeneity, 
which poses a challenge when standardizing across institutions [3,4]. 

The standardization of laboratory tests is a non-trivial task, with precise 
results requiring of expert input in state-of-the-art automated systems [4]. 
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Among the different approaches to this task, the historically preferred approach 
is term prioritization via volume, where laboratory terms are prioritized for s tan-
dardization according to the number of clinical observations they represent [3]. 
Despite this approach covering the standardization of the most frequently per-
formed lab tests, it fails to acknowledge the publication trends employing less 
common tests such as NT-proBNP or Lp(a). These less frequent terms are key 
in b oth retrospective peer-reviewed studies and clinical trial acceptance criteria,
and evaluating their usage could complement historical standardization efforts
impacting data capture [6,8]. 

This publication explores laboratory test clinical significance prioritization 
via term representativity extraction from peer-reviewed publications, testing d if-
ferent Artificial Intelligence (AI) techniques for its automated retrieval.

2 Methodology 

With the aim of identifying laboratory tests from peer-reviewed publications, 
different AI model approaches were tested and evaluated in an expert-annotated 
corpus. The best performing approach was then applied to a larger dataset.

The target laboratory terms for this task were extracted from LOINC compo-
nent axis. Components representing single codes were removed from the analysis, 
excluding surveys and questionnaires, as well as terms related to documents or 
narrative reports. To expand the target label set, synonyms were extracted from 
UMLS MRCONSO file for the LOINC c omponents, enriching the target classes
with acronyms and alternative labels. Additionally, training examples were gen-
erated to describe the context in which laboratory terms appear in publications.

Multiple NLP/AI techniques were explored, each aimed at a d ifferent section
of the described task.

– Embedding generation. To obtain a vector space representation, embeddings 
were generated using BioMistral-7B pretrained tokenizer and model. This 
suite of Mistral-based models are pre-trained using text data from PubMed
[2], fitting the scope of the defined task.

– Entity recognition. Spacy large model was used for the task of Named 
Entity Recognition (NER), extended to detect the custom entity type
‘‘CLINICAL MEASUREMENT’’.

– Classification. Weighted logistic regression was employed due to the expected 
heavy imbalance between target classes.

– Semantic matching. Both exact match and fuzzy matching were ev aluated,
with expected different resulting performances.

The described techniques were combined according to literature reported
results [4]. To evaluate performance, precision and recall were studied over an 
expert-annotated document corpus, aiming t o achieve a balance between them.

1. As a baseline, exact match was applied over the texts.
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2. The second approach consisted of a NER system with a fuzzy matcher, evalu-
ating term similarity via normalized Levenshtein distance [9]. Fuzzy matcher 
target terms were enriched with the obtained UMLS synonyms.

3. The third approach transformed input documents into vectors by generat-
ing BioMistral embeddings. Weighted logistic regression was trained using a 
UMLS-extended synonym list to classify vectors into LOINC components.

4. The last approach combined the four techniques described above, applying 
BioMistral embeddings over NER entities, then categorized b y a weighted
logistic regression and filtered using fuzzy matching scores.

The best performing approach was applied over a filtered subset of PubMed 
titles and abstracts to obtain a representative list of clinically significant lab
terms from literature.

3 Results and Discussion 

The few-shot NER for entity recognition in documents was trained using 200
laboratory related sentences [1], while the described classifier used 73 876 UMLS 
synonyms of the target LOINC codes for t raining. No additional information
was necessary for the BioMistral embeddings.

Each of the described approaches were evaluated against a corpus of 450 
annotated entities from PubMed publications for the identification of 2 730 dis-
tinct LOINC components. The p erformance of the four combined approaches
described in the methodology are shown in Table 1. As baseline, a simple exact 
match approach was used, searching for the exact label of LOINC components 
in the text. The precision obtained was relatively high, diminished by an over-
abundance of false positives due to a lack of context processing. The overall high
precision highlights the strong adherence to standard labels in clinical literature.

Table 1. Performance comparison between the s tudied approaches.

Approach Precision Recall Top 5 reca ll F1 score 
Exact match 48.18 22.75 - 30.91 
NER + fuzzy match 21.62 31.90 39.62 25.77 
BioMistral embeddings + logistic regression 10.18 4.47 - 6.21 
BioMistral embeddings over NER entities + 
weighted logistic regression + fuzzy match

35.43 37.28 44.60 36.33 

The second approach obtained a high entity recall during the NER steps 
(83.4%), significantly reducing the search space. When transforming the high-
lighted entities into the target component list, the fuzzy match used led to incor-
rect classifications, as acronyms and slight differences between components went
undetected.
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The third approach, logistic regression with BioMistral embeddings, espe-
cially trained over PubMed data for clinical text-directed tasks, displayed sub-
optimal performance in terms of precision and recall. This behaviour is explained 
by the nature of generalized LLM models, that despite being trained for a spe-
cific data domain underperform in specific, precision-requiring tasks, as reported
in literature [7]. 

The last approach aims to combine the strengths of the selected methods, 
generating BioMistral embeddings from NER-detected entities, which are later 
classified by a weighted logistic regression. A fuzzy matching post-processing 
step was applied to reduce the ratio of false positives. The classification into 
LOINC components captured the nuances missing in previous approaches, cor-
rectly handling small class differences, such as urobilin and urobilinogen, as well
as acronyms and context-aware tagging.

The best overall performance for the defined task was obtained from the 
fourth approach, which aligns with literature observed findings when apply-
ing NLP techniques over clinical real-world texts [4]. By combining the strong 
points of the different techniques as a sequence of distinct tasks - the reduced 
search space of NER, clear nuance distinctions from the logistic regression using 
context-aware embeddings from specialist models and the cutoff specificity of 
the fuzzy match - a hybrid model was obtained with a more balanced result
between precision and recall in both top-1 and top-5 metrics.

This best performing approach was applied over a random subset of 2 118 
PubMed publications containing common lab specimen information, to ensure 
the existence of clinical laboratory tests in the sample. The exact query to e xtract
said documents was (serum[Title/Abstract]) OR (plasma[Title/Abstract]) OR
(blood[Title/Abstract]) OR (urine[Title/Abstract]).

The top two, from the 11 172 identified laboratory components, correspond to 
the terms blood and age, in 24% and 9% of documents respectively. The appear-
ance of these terms matches expectations, as age is a frequent cohort descriptor 
and blood was a term directly included in the e xtraction query. These terms are
followed by components that belong to the metabolic panel and complete blood
count, corresponding to routinely tested assays.

Additionally, data elements with less testing frequency were also present in 
the top 100 terms. For instance, lipoprotein (little a) appears in 1% of docu-
ments, reflecting its increasing relevance in the last years as a cardiovascular
risk indicator. Similarly, fibrinogen was detected in 0.7% of documents.

These obtained terms should be prioritized during laboratory term standard-
ization, to improve data capture and availability in the dataset.

Known limitations of this work are not only confined to the inherent limita-
tions of the applied techniques but also the variability of the studied data and 
the nature of the defined task. The combination of a high number of target cat-
egories and a relatively small amount of training data may lead to suboptimal
classification performance, and result interpretation should be approached with
caution, taking into account both the complexity of the data and the limitations
of the applied technique.
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4 Conclusion 

Evaluating trends in peer-reviewed publications is a necessary step to contex-
tualize and guide semantic standardization in collab orative research networks
such as TriNetX [5]. The capture of these valuable clinical terms will result in 
an increased number of data poin ts available, ensuring network representativity
and bias reduction.

This publication explores the extraction of these relevant laboratory terms 
from peer-reviewed publications, leveraging LOINC component axis and syn-
onyms. Four different AI techniques were tested, combined and evaluated,
obtaining the sequential aggregation of these techniques the best performance.

Building on the findings of this study, other AI approaches will be explored to 
solve the task and improve the reported performance. Additional expert review 
will be introduced to further validate the granularity of the LOINC component
selection.
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Abstract. Ultra–high-resolution cytology images provide rich morpho-
logical information but pose significant challenges for scalable machine 
learning due to their size and computational cost. This work presents a 
preliminary study on an image preprocessing strategy based on spatial 
rearrangement. The proposed approach reorganizes detected cellular ele-
ments into a compact representation under the assumption that global 
spatial arrangement is weakly informative in cytology. 

Importantly, the method does not apply geometric transformations, 
such as scaling or rotation, to individual elements, preserving their origi-
nal spatial scale and morphology. Information loss may occur due to seg-
mentation a nd filtering steps, but not due to resolution reduction. Pre-
liminary experiments using the Clustering-constrained Attention Mul-
tiple Instance Learning (CLAM) framework indicate that the method
can substantially reduce memory and computational requirements while
maintaining comparable classification performance. The results suggest
that spatial rearrangement represents a promising direction for efficient
learning in large-scale cytology images.

Keywords: Cytology image · Computer Vision · Spatial
Rearrangement

1 Introduction 

Recent advances in medical imaging have enabled the acquisition of ultra-high-
resolution cytology images, providing detailed morphological information at the 
cellular level. However, these large-scale images, often with tens of thousands of 
pixels per dimension, impose significant memory and computational challenges
for machine learning pipelines [1]. 

Cytological diagnosis relies primarily on individual cellular m orphology
rather than global spatial organization [2]. Due to scraping-based collection pro-
cedures, cells are detached from t heir original tissue context and distributed
c The Author(s), under exclusive license to Springer Nature Switzerland AG 2027 
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across the slide in a largely stochastic manner, reducing the diagnostic relevance 
of spatial arrangement. This contrasts with h istopathology, where tissue archi-
tecture plays a central role [3]. 

Motivated by this characteristic, this work investigates a spatial rearrange-
ment preprocessing heuristic that compacts large cytology images by reorganiz-
ing detected cellular elements into smaller representations. The objective is to 
reduce computational cost while maintaining classification performance. Exper-
iments are conducted using the CLAM framework [4]. 

Unlike downsampling or patch-based sampling, the proposed approach does 
not reduce image resolution or apply geometric transformations such as scaling or 
rotation. Instead, elements are repositioned while preserving their original scale. 
Although some information may be removed during segmentation and filtering, 
the morphology of retained elements remains unchanged. To the best of our
knowledge, this strategy has not been previously explored as a preprocessing
approach in cytology.

2 Method Overview 

The proposed preprocessing approach compacts large cytology images by spa-
tially rearranging detected cellular elements, lev eraging the limited importance of
global spatial organization in cytology [2,3]. The pipeline consists of four stages: 
background removal, element segmentation, bounding box demarcation [5], and 
spatial rearrangement.

Background pixels are first separated from foreground elements, followed by 
connected-component labeling to identify individual elements. For each element, 
an axis-aligned bounding box is computed and subsequently rep ositioned using
a heuristic two-dimensional packing strategy that maximizes spatial utilization
while avoiding overlap.

The compacted image is then reconstructed by placing each element at its 
new location using the original pixel values. Only translational transformations 
are applied, preserving the internal structure and spatial scale of retained ele-
ments. However, segmentation and filtering steps may exclude portions of the
image, potentially introducing information loss depending on parameter choices.

3 Method Details and Results 

3.1 The Dataset 

The proposed spatial rearrangement preprocessing strategy was evaluated on a 
dataset of 873 high-resolution cytology images acquired using the pap smear 
method. Images were annotated by expert pathologists looking for tumors, with 
39.3% labeled as positive (HSIL, LSIL and adenocarcinoma) and 60.7% as neg-
ative. All experiments were conducted using the CLAM framework.
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3.2 Heuristic Workflow for Cytology Image Compaction 

The experimental evaluation employed a four-stage spatial rearrangement work-
flow consistent with the proposed heuristic. For background removal, a global 
thresholding strategy was adopted due to the strong contrast between the w hite
background and cellular structures in the images. The threshold was automat-
ically determined using Otsu’s method [7], which selects an optimal threshold 
by maximizing the between-class variance of the image intensity histogram. Ele-
ment segmentation was performed using connected component labeling with a 
4-connected adjacency system. This step assigns a unique label to each connected
foreground component, enabling independent manipulation of individual ele-
ments [8]. Bounding box demarcation was performed by computing axis-aligned 
rectangular bounding boxes for each labeled element. Two filtering criteria were 
applied at this stage: a minimum element size threshold, used to discard small 
components and reduce noise, and a maximum element size threshold, used to 
subdivide oversized elements. These filters significantly impact both computa-
tional efficiency and packing quality , as the number and size distribution of
elements directly affect the packing process. Spatial rearrangement was imple-
mented using a greedy two-dimensional packing strategy based on the First
Fit Decreasing (FFD) heuristic [9]. Elements were sorted according to bound-
ing box area and sequentially placed into the target image grid while prev enting
overlap. Since two-dimensional packing is NP-hard [6], the adopted heuristic pri-
oritizes computational efficiency over optimality. Finally, the compacted image 
was reconstructed by replacing each optimized bounding box position with its 
corresponding original pixel values. As only translational transformations were 
applied, the i nternal structure of each element was preserved, allowing elements
to be traced back to their original locations if required.

3.3 Results 

Figure 1 illustrates an example of the proposed spatial rearrangement applied to 
a 10k × 10k downsampled slide, resulting in a compacted 3k × 3k representation. 
This example is i ntended for visualization purposes, highlighting how cellular
elements are reorganized while preserving their morphology.

The heuristic was evaluated using a minimum element size of 250 pixels 
and a maximum threshold of 450 pixels before element splitting, with a packing 
strategy prioritizing larger elements. On average, preprocessing required approx-
imately 90 s per slide, and the method is fully parallelizable. In our experiments, 
storage requirements were reduced from approximately 15 GB to 3 GB per slide
(5× reduction). The proportion of retained content varied across slides, with
an interquartile range between Q1 = 19% and Q3 = 79% under the selected
hyperparameters.

Model training time was also significantly reduced. Under identical conditions 
using the CLAM framework with 400 training epochs, the average training time 
decreased from 18 h and 46min to 6 h and 43min per fold, corresponding to a
speed-up exceeding 2.5×.
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Fig. 1. Downsampled and rearranged cytology images.

To evaluate the impact of spatial rearrangement, three configurations were 
considered: (i) rearranged images obtained from 10k downsampled slides and 
compacted to 3k, (ii) a dow nsampled baseline (100k → 10k), and (iii) full-
resolution images (100k) without preprocessing. As shown in Table 1,  the  rear-
ranged configuration achieves performance comparable to the downsampled 
baseline, while requiring substantially lower computational cost.

These results highlight the trade-off between computational efficiency and 
predictive performance, suggesting that spatial rearrangement p rovides a favor-
able balance for large-scale cytology analysis.

Finally, the proposed heuristic is still under active development. Ongoing 
efforts focus on improving its scalability and robustness, with the goal of enabling
direct processing of full-resolution 100k images without prior downsampling.

Table 1. Comparative CLAM performance (mean ± std).

Configuration Initial Size Final Size AUROC Acc. F1 Recall 
Rearrangement 10k 3k 0.699 ± 0.035 0.721 ± 0.032 0.621 ± 0.058 0.600 ± 0.133 
Downsample 100k 10k 0.711 ± 0.045 0.732 ± 0.042 0.639 ± 0.070 0.620 ± 0.122 
Original 100k - 0.845 ± 0.047 0.765 ± 0.046 0.772 ± 0.051 0.765 ± 0.046 

4 Discussion 

This study investigates a spatial rearrangement strategy tailored to cytology, 
where diagnosis relies primarily on individual cellular morphology rather than
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global spatial organization. The method preserves the spatial scale and mor-
phology of retained elements, while potential information loss may arise from 
segmentation and filtering steps. Our results indicate that spatial rearrange-
ment can substantially reduce memory requirements and training time while
maintaining comparable predictive performance. These findings suggest that the
approach can improve computational efficiency without directly degrading the
morphological information used for classification.

However, altering the original spatial context may impact interpretability for 
human observers and explainable AI methods, particularly in clinical settings. 
As this work represents an initial exploratory study, these effects have not yet 
been fully characterized. In particular, the e xtent to which discarded regions
influence different cytological patterns remains an open question and will be
investigated in future work.

Overall, spatial rearrangement should be viewed as a complementary prepro-
cessing strategy that enables more efficient use of high-resolution data. In this 
context, it may facilitate the training or fine-tuning of large vision and multi-
modal models on ultra-high-resolution cytology images. 
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Abstract. Clinical scoring systems and decision algorithms guide diag-
nostic and therapeutic workflows but are typically distributed as nar-
rative publications or embedded in proprietary software without stan-
dardized, machine-readable representations. This fragmentation limits 
interoperability, reproducibility, and safe integration into large language 
model (LLM)-based clinical systems. We present OpenCDT, an open-
source neuro-symbolic infrastructure for structured representation and 
deterministic execution of clinical decision tools, implemented as a Model 
Context Protocol (MCP)-compatible server. 

Keywords: Large language models (LLMs) · Neuro-symbolic AI · 
Clinical decision support systems (CDSS) · Model Context Protocol 
(MCP) · Auditable and uncertainty-a ware reasoning

1 Introduction 

Clinical decision rules and scoring systems (e.g., CHA. 2DS.2-VASc, HEART, 
NEWS2) translate evidence into structured risk frameworks that standardize 
interpretation and guide point-of-care decisions [1]. Despite their clinical impor-
tance, most are distributed as narrative publications, static tables, or proprietary 
calculators without machine-readable representations. As large language mod-
els (LLMs) enter clinical workflows, a key safety challenge arises: probabilistic 
models are poorly suited to deterministic rule execution and may hallucinate
variables, misapply criteria, or produce non-reproducible outputs [2]. 

Recent methodological and regulatory efforts emphasize transparent report-
ing, validation, and post-deployment monitoring of clinical AI. STARD-AI 
extends diagnostic accuracy s tandards to AI-based tools, underscoring repro-
ducibility and structured evaluation [3]; policy and governance frameworks
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further highlight auditability, safety, and data sovereignty [4,5]. Computer-
interpretable guidelines (CIGs) have a long history of formalizing c linical knowl-
edge for computational use [10,11], producing modeling languages, execution 
engines, and EHR-integrated decision support systems [11]. Operational tools 
target specific consumers: CDS Hooks delivers recommendations t o EHR work-
flows [6], openEHR GDL2 provides a repository of formalized rules [7], and pro-
prietary calculators such as MDCalc serve clinicians directly [8]. None, however, 
exposes a standardized interface through which LLMs can discover, retrieve, and
deterministically execute validated decision tools.

The Model Context Protocol (MCP) [9] provides a standardized interface 
for exposing structured tools to LLMs. Models can retrieve authoritative defi-
nitions and p erform deterministic execution, separating probabilistic language
understanding from symbolic rule evaluation.

We present OpenCDT (Open Clinical Decision Tools), an open-source 
neuro-symbolic infrastructure for structured representation and deterministic 
execution of clinical decision tools. Tools are encoded as validated JSON spec-
ifications, while LLMs extract clinical information and map it to structured 
variables, with scoring executed server-side under deterministic semantics. The 
system computes exact score ranges under incomplete information by enumer-
ating constraint-consistent assignments, enabling explicit uncertainty represen-
tation and ranking of missing va riables by decision relevance. Trustworthiness is
ensured through deterministic evaluation, schema validation, auditability, and
full offline deployability. This separation of probabilistic extraction from sym-
bolic execution supports reproducible, interoperable, and safety-aware clinical
decision support.

We demonstrate the system using a fully local MCP-enabled LLM setup and 
evaluate it on a 50-case stress-test set. It was deployed on a Ubuntu workstation 
using a llama.cpp-served GPT-OSS 120B model with native tool calling, inter-
facing with the OpenCDT MCP server via an OpenAI-compatible API, ensuring
fully offline, deterministic tool execution without external dependencies. Code
is available on GitHub at: https://github.com/aspalinka/OpenCDT 

Fig. 1. Architecture of the OpenCDT MCP server. Numbers represent typical order of 
functions called by LLM.

https://github.com/aspalinka/OpenCDT
https://github.com/aspalinka/OpenCDT
https://github.com/aspalinka/OpenCDT
https://github.com/aspalinka/OpenCDT
https://github.com/aspalinka/OpenCDT
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2 Tool Description 

OpenCDT is implemented as a MCP server, enabling any MCP-compatible LLM 
client to discover and execute clinical decision tools without custom integration 
code. The architecture separates concerns into three layers: a tool definition 
schema,  a  domain logic layer, and a protocol interface layer. The architecture of
the tool is illustrated in Fig. 1. The interaction workflow between the LLM and 
the MCP server is illustrated in Fig. 2. 

Tool Definition Schema. Each clinical decision tool is encoded as a self-
contained JSON file comprising: (i) metadata (name, purpose, applicability cri-
teria, clinical category, and literature references); (ii) a list of items, a clini-
cal description, and an explicit mapping from categorical choices to numeric 
point values; (iii) a mathematical formula referencing item identifiers, evaluated 
deterministically; (iv) interpretation rules mapping score ranges to clinical rec-
ommendations; and (v) optional mutual-exclusivity constraints declaring groups
of items where at most one may be non-zero (e.g., age-bracket variables).

Adding a new tool to the repository requires only placing a conforming 
JSON file in the designated directory; the server discovers and validates it at 
startup. Tool creation is partially assisted by LLMs, which can generate initial
JSON specifications from source publications; these are subsequently manually
reviewed and validated.

The current implementation focuses on clinical decision tools with discrete, 
additive scoring logic, in which individual items contribute fixed point values. 
All tools are encoded from primary literature sources or authoritative clinical 
references describing the original scoring logic. The full list of implemented tools
and their corresponding specifications is available in the project repository.

Domain Logic Layer. The core contribution of the domain layer is its handling 
of incomplete information. The LLM-facing interface accepts a structured input 
for every item in a tool, where each entry carries a value (or null if unknown) and 
a natural-language reasoning field that is required whenever a value is assigned, 
which documents the clinical evidence behind the assignment. When all values
are provided, the system returns an exact score with its interpretation. When
some values are missing, the system computes deterministic score bounds by:

1. Constraint-aware auto-fill: if a non-zero value is supplied for one member 
of a mutually exclusive g roup, all other members are automatically set to
zero.

2. Full enumeration: the system enumerates all combinations of allowed point 
values across every remaining missing item, discards any assignment that vio-
lates a mutual exclusivity constraint, and records the minimum and maximum 
score across all feasible assignments. This is correct for any formula, includ-
ing non-linear ones, as no assumption about per-item contribution direction
is made.
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The range result lists each missing item with its description, and allowed 
values, alongside all interpretation categories overlapping the current bounds. 
This enables the LLM to prioritize follow-up questions targeting the items that
most reduce diagnostic uncertainty.

Protocol Interface Layer. The MCP server exposes four tools that define a 
guided workflow: search scales finds relevant tools by keyword and tag match-
ing; list scales enumerates all available tools; get scale retrieves the full 
definition including exact item identifiers and allowe d values; calculate score
accepts structured inputs and returns either an exact or range result. The sequen-
tial workflow (search .→ get .→ calculate) ensures that the LLM operates 
on authoritative tool definitions and reduces the risk of hallucinations. All tool 
responses a re returned as JSON, including structured error messages, facilitating
reliable parsing and downstream use.

Fig. 2. Typical interaction workflow between an LLM and the OpenCDT MCP server. 

Design Principles. Several design choices support trustworthiness in clinical 
settings: (i) deterministic execution – scoring logic uses numexpr Python package 
with no stochastic components, guaranteeing reproducibility; (ii) auditability – 
every item assignment requires documented reasoning, and auto-filled values are 
explicitly flagged in the output; (iii) deployment flexibility – as a local MCP
server, the system can operate fully offline with locally hosted LLMs, satisfying
data-sovereignty requirements in hospital environments.

3 Evaluation Framework and Results 

Evaluation Setup. We conducted an evaluation of OpenCDT using a set 
of 50 synthetic clinical cases. The cases were grouped into six categories: 
(i) complete-information cases (all variables required for at least one scale avail-
able), (ii) missing-information cases (partial data requiring uncertainty han-
dling), (iii) out-of-scope cases (no supported scale applicable), (iv) contradictory-
information cases (conflicting clinical evidence), (v) distractor-noise cases (irrel-
evant comorbidities or findings), and (vi) short sparse notes requiring targeted
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clarification. We compared two configurations: (1) an MCP-connected system, 
in which the LLM accessed OpenCDT tools for deterministic execution, and 
(2) the same underlying model operating without MCP access. Responses were 
evaluated using a structured rubric covering scale selection, mapping of clinical 
variables, score handling, recommendation correctness, next information sug-
gested, and uncertainty handling. Each dimension was scored on a three-point
scale (0 = incorrect, 1 = partially correct, 2 = correct).

Results. Across the evaluated cases, the MCP-connected system showed strong 
performance when a supported clinical scale was applicable. In complete-
information scenarios, it achieved near-perfect correctness, reflecting reliable 
deterministic execution. In missing-information cases, it avoided hallucinating 
unavailable va riables and represented uncertainty using score ranges derived
from partial inputs, although these were occasionally overly wide due to con-
servative handling.

Compared to the same model without MCP access, the MCP-enabled con-
figuration improved consistency in variable mapping and score calculation. The 
baseline model often produced clinically plausible responses but more frequently 
hallucinated scale definitions or scoring logic, leading to incorrect results. Dif-
ferences were most pronounced in distractor-noise cases, where the MCP system
maintained focus on relevant variables, while the baseline model was more sus-
ceptible to irrelevant information.

Limitations were most evident in short sparse notes, where the MCP sys-
tem tended to apply scoring despite minimal available information, returning 
wide score ranges instead of deferring computation and requesting targeted 
inputs. Out-of-scope cases exposed challenges in boundary handling: although 
the system consistently identified when no appropriate scale was available, it 
sometimes additionally computed partially applicable general severity scores 
(e.g., NEWS2 or qSOFA), which were not clinically relevant to the task. In
contradictory-information cases, uncertainty was consistently represented, but
conflicting inputs were not always fully propagated into the computed score
bounds.

Quantitative results are summarized in Table 1. A complete set of cases, 
model outputs, and evaluation annotations is a vailable in the project repository.

Table 1. Quantitative summary of evaluation results by case category. Scores represent 
proportion of maximum achievable points. 

Case category OpenCDT (MCP) Baseline (no MCP) 

Full information 120/120 (100%) 112/120 (93.3%) 

Missing information 114/120 (95.0%) 110/120 (91.7%) 

Out of scope 12/20 (60.0%) – 

Contradictory 47/60 (78.3%) 46/60 (76.7%) 

Distractor 57/60 (95.0%) 48/60 (80.0%) 

Short notes 94/120 (78.3%) 102/120 (85.0%)
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4 Discussion and Future Directions 

This stress-test evaluation shows that OpenCDT improves correctness and repro-
ducibility of clinical scoring by enforcing deterministic execution and reducing 
hallucinated variables. Observed limitations were largely driven by incomplete 
tool coverage and system prompt-dependent interaction behavior. A key next 
step is the development of a dedicated conversational mode, in which prioritiza-
tion of the most decision-relevant variables will be essential for guiding efficient
follow-up questions. Future work will also expand the tool set and extend the
framework beyond discrete scoring systems to support continuous risk models
and multi-step decision algorithms.

Declaration of AI Assistance Technologies During Manuscript Prepara-
tion. The authors used ChatGPT 5.2 for refinement, correction, editing and formatting 
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Abstract. Large language models (LLMs) can generate standardized, evidence-
informed rehabilitation protocols, yet their effect on patient outcomes remains 
uncertain. We conducted a single-centre, four-arm randomized pilot trial in which 
52 adults with degenerative knee disease were allocated equally to conventional 
physiotherapy alone (Control; n = 13) or to conventional physiotherapy plus 
an LLM-generated exercise protocol (ChatGPT-5, Gemini 2.5 Pro, or DeepSeek 
V3.1; n = 13 each). Before recruitment, a single standardized prompt was issued 
to each LLM to generate an 8-week supervised progressive exercise protocol for 
a representative patient scenario using standard clinic equipment. After safety 
review, each protocol was applied unchanged to all participants in its correspond-
ing group alongside identical co-interventions, delivered twice weekly for 8 weeks. 
The primary outcome was change in Knee Injury and Osteoarthritis Outcome 
Score (KOOS) total score (0–100) from baseline to week 8. KOOS improved 
in all groups, with mean changes of +6.2 ± 14.5 in Control, +14.0 ± 8.9 in 
ChatGPT-5, +16.6 ± 10.0 in Gemini, and +16.2 ± 14.6 in DeepSeek; between-
group differences were not statistically significant (p ≈ 0.12). No serious adverse 
events occurred. In this pilot trial, LLMs functioned as protocol generators under 
clinician supervision, producing feasible and safe exercise programs with numer-
ically larger KOOS gains than clinician-designed usual care. Larger trials are 
needed to confirm comparative effectiveness.

Keywords: Large Language Models · Protocol Generation · Degenerative Knee 
Disease · Rehabilitation 

1 Introduction 

Degenerative knee disease (DKD), primarily knee osteoarthritis (OA), is a leading cause 
of global disability characterized by pain and functional limitation [1]. Major guide-
lines recommend 8-week supervised exercise therapy as a core first-line intervention 
[2–4]. However, wide variations in exercise selection, dosage, and progression rules
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often lead to heterogeneous clinical outcomes and implementation challenges [2, 3, 
5]. Large language models (LLMs) can generate structured exercise schemes, yet their 
application in orthopaedics reveals variable performance, clinical reasoning gaps, and a 
lack of patient-outcome trials, necessitating expert “human-in-the-loop” oversight [6– 
10]. Empirical evidence from randomized trials implementing LLM-generated protocols 
remains exceptionally scarce [6, 7]. This pilot study evaluates whether fixed, clinician-
supervised 8-week exercise protocols generated by three different LLMs (ChatGPT-5, 
Gemini 2.5 Pro, DeepSeek V3.1) improve Knee Injury and Osteoarthritis Outcome Score 
(KOOS) outcomes compared to a conventional clinician-designed exercise programme 
in adults with DKD. 

2 Methods 

This single-centre, four-arm pilot trial (NCT07267962) enrolled 52 adults aged 40– 
65 years with degenerative knee disease and ≥3 months of pain. Participants were 
randomized 1:1:1:1 (n = 13/group) by concealed envelopes; assessors were blinded. 
No formal power calculation was performed [11]. All groups received identical physi-
cal agents twice weekly for 8 weeks (hot pack, TENS, ultrasound). The Control group 
followed a clinician-designed standard exercise programme. In the three experimental 
arms, ChatGPT-5, Gemini 2.5 Pro, and DeepSeek V3.1 were each used once as protocol 
generators (accessed Nov 12–14, 2025) with the following exact prompt: “Create an 
8-week, supervised, progressive exercise protocol for a typical patient aged 40–65 years 
with degenerative knee disease, such as Kellgren–Lawrence grade 2–3 knee osteoarthri-
tis. The protocol should be delivered in an outpatient physiotherapy clinic twice per 
week for 8 weeks. It should be feasible using standard clinic equipment, including 
treadmills, cycle ergometers, free weights, resistance bands, balance boards, treatment 
tables and step platforms. The program should focus on knee and hip strengthening, 
range of motion, proprioception, balance and functional exercises. Please provide week-
by-week progression, including exercise names, sets, repetitions, intensity/progression 
criteria, rest intervals and safety precautions. Avoid high-impact, ballistic or unsafe 
exercises, excessive painful loading, and any recommendation requiring unsupervised 
home implementation, medication, injection or surgical decision-making. The protocol 
should be suitable for supervised implementation by physiotherapists.” Outputs were 
safety-screened for OARSI/ACR consistency and applied unchanged; temporary load 
reductions during symptom flares were allowed [2, 3, 12]. The primary outcome was 
change in KOOS total score from baseline to week 8 [13]. KOOS change was compared 
using one-way ANOVA (α = 0.05, η2); other outcomes were exploratory [11]. 

3 Results (Table 1) 

All groups showed within-group improvements in KOOS total score from baseline to 
week 8 (Table 2). Mean KOOS change was +6.2 (SD 14.5) in the control group, +14.0 
(SD 8.9) in the ChatGPT-5 protocol arm, +16.6 (SD 10.0) in the Gemini 2.5 Pro arm, 
and +16.2 (SD 14.6) in the DeepSeek V3.1 arm; group-wise KOOS changes are shown
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Table 1. Baseline characteristics of the participants 

Variable Control (n = 13) ChatGPT-5 (n = 
13) 

Gemini 2.5 Pro 
(n = 13) 

DeepSeek V3.1 
(n = 13) 

Age (years) 50.3 ± 8.9 48.9 ± 11.5 51.8 ± 11.4 48.8 ± 15.2 
Female (n(%)) 9 (69.2) 6 (46.2) 10 (76.9) 11 (84.6) 

Height (cm) 167.7 ± 11.2 169.1 ± 10.9 160.6 ± 9.5 163.5 ± 10.9 
Weight (kg) 92.0 ± 17.5 92.2 ± 13.3 76.1 ± 8.0 84.8 ± 25.2 
BMI (kg/m2) 33.1 ± 8.0 32.6 ± 6.5 29.8 ± 4.8 31.2 ± 7.0 
KOOS (total 
score) 

34.2 ± 13.9 45.7 ± 18.4 44.0 ± 17.0 36.3 ± 16.3 

Values are mean ± standard deviation unless otherwise indicated. BMI, body mass index; KOOS, 
Knee Injury and Osteoarthritis Outcome Score.

Fig. 1. Change in KOOS total score (0–100) from baseline to week 8 across groups (mean ± SD). 

Table 2. Change in KOOS total score from baseline to week 8 (mean ± SD; n = 13 per arm).

Group ΔKOOS (mean ± SD) 

Control 6.2 ± 14.5 
ChatGPT-5 14.0 ± 8.9 
Gemini 2.5 Pro 16.6 ± 10.0 
DeepSeek V3.1 16.2 ± 14.6

in Fig. 1. One-way ANOVA for KOOS change did not reach statistical significance 
(p ≈ 0.12; η2 ≈ 0.11), consistent with the underpowered p ilot design.
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Secondary outcomes showed within-group improvements across the 8-week inter-
vention in most arms, without a consistent pattern of between-group separation. No 
serious adverse events occurred; only transient knee or muscle soreness consistent with 
exercise exposure was reported. 

4 Discussion 

This pilot RCT suggests that clinician-supervised, LLM-generated exercise protocols 
are feasible, safe, and yield numerically larger (though non-significant) KOOS improve-
ments than standard care in DKD [11]. Guideline-concordant supervised exercise likely 
drove the meaningful within-group gains across all arms [2–4]. The greater LLM benefits 
may stem from these models enforcing more explicit progression rules and broader exer-
cise variety than routine clinical templates, addressing known variabilities in program 
delivery [2, 3, 5]. 

While orthopaedic LLM applications face valid concerns regarding hallucinations 
and limited patient-outcome data [6, 7], our “human-in-the-loop” design mitigates these 
risks. By using models strictly as protocol generators under expert oversight with identi-
cal co-interventions, we align with AI clinical trial governance [12]. Limitations include 
the single-centre setting, small sample size, 8-week follow-up, and absence of for-
mal fidelity metrics [11]. Future adequately powered trials should incorporate protocol 
content audits and long-term outcomes. 

5 Conclusion 

Clinician-supervised LLM-generated rehabilitation protocols for DKD are safe and 
produced numerically larger KOOS improvements than a clinician-designed standard 
protocol. Larger trials are required to confirm comparative effectiveness and optimize 
“LLM-as-protocol-generator” workflows. 
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Abstract. Healthcare organizations often lack the resources to perform mem-
ber outreach at scale. While conversational AI shows promise across healthcare 
domains, rigorous evaluations of voice-based outbound engagement remain lim-
ited. We evaluated a seven-week controlled deployment of AI voice agents for 
outreach to individuals across three journey stages within a virtual specialty care 
program. Recipients of AI calls had significantly higher appointment comple-
tion rates, with effects strongest for members who had already created program 
accounts but had yet to schedule an appointment. Call answer rate and opt-out rate 
both outperformed industry benchmarks, with zero safety escalations identified. 
The deployment yielded a nine-fold increase in outbound call volume and signifi-
cant efficiency gains over human agents alone. Together, these results suggest that 
AI voice agents represent a viable approach for scaling personalized healthcare 
outreach. 

Keywords: AI voice agents · Member engagement · Controlled evaluation 

1 Introduction 

Healthcare organizations know who needs outreach: patients who missed appointments, 
are due for screenings, or are primed for the next step on their care journey. What’s 
lacking is a capacity to act. Call centers are stretched thin, staff overburdened, and 
personalized outreach at scale remains elusive due to cost and ROI considerations. The 
result is a reactive system, where intervention arrives too late, if at all. 

To date, investigations of conversational agents for healthcare have largely focused 
on text-based, user-initiated systems for health counseling, behavioral interventions, 
or chronic disease support [1, 2]. Recent commentary highlights the transformative 
potential of AI voice agents [3, 4], while noting a need for rigorous validation. 

We present the design, deployment, and evaluation of a purpose-built conversational 
AI platform to deliver natural, HIPAA-compliant voice interactions at scale. The evalua-
tion was a collaboration between RadiantGraph and Oshi Health, a virtual-first specialty 
clinic for gastrointestinal conditions. To our knowledge, this represents one of the first 
controlled evaluations of AI-initiated voice outreach for healthcare.
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2 Methods 

2.1 Platform and Technical Implementation 

We designed a platform (RadiantGraph AI Voice Studio) to facilitate the deployment 
of conversational AI agents capable of naturalistic dialogue while maintaining strict 
adherence to scripted flows and compliance guardrails. Each agent was defined by its 
identity, knowledge scope, task sequence (e.g., detect voicemail, verify identity, confirm 
eligibility, execute call objectives, answer questions, facilitate transfer requests), error 
handling protocols, and operational guidelines. For a demonstration, please visit https:// 
radiantgraph.com/platform/ai-voice-studio. 

Multiple AI subsystems were integrated to support live conversation: automatic 
speech recognition (ASR) for transcription, a large language model (LLM) for conversa-
tional reasoning, text-to-speech (TTS) synthesis for natural voice output, and real-time 
safety monitoring. Safety guardrails were designed to detect medical advice requests, 
self-harm indicators, emergency situations, and other scenarios requiring handoff to a 
human agent (or direction to contact emergency services). 

The underlying architecture separated a stateless telephony layer from a conversa-
tion orchestrator managing the ASR → LLM → TTS cycle. Conversations were built 
from reusable modules for each task sequence, with explicit goals and transition logic, 
addressing the limitations of traditional rule-based dialogue systems [1]. 

2.2 Deployment Design and Analysis 

The target program behavior was a member completing their first telehealth appointment 
with a GI specialist. Three stages were defined among individuals yet to do so. “Stage A” 
were prospective members without accounts (mean age: 44, SD age: 14; 76% female). 
“Stage B” members had created an account, but never scheduled their first appointment 
(mean age: 43, SD age: 13; 67% female). “Stage C” members had previously scheduled, 
but not completed, their first appointment (mean age: 42, SD age: 13; 69% female). A 
unique AI voice agent was optimized for each stage. All members in Stages B and C 
received a weekly cadence of SMS outreach (independent of whether they also received 
AI voice outreach). 

The deployment utilized a randomized allocation approach, with rolling enroll-
ment over seven weeks (September–October, 2025). Each week, newly eligible indi-
viduals were assigned to their journey stage; a random selection from each stage 
received AI voice outreach (Treatment group). Once assigned, re-allocation was pro-
hibited. Treatment allocations were constrained to enable 100% manual QA auditing 
and accommodate limited live-agent transfer capacity. 

Post-hoc analysis of de-identified, aggregate data assessed call impact. The primary 
metric for all stages was appointment completion. The secondary metric was stage-
specific progression: account creation (Stage A), first appointment scheduling (Stage 
B), or appointment completion (Stage C). Thus, for Stage C members, primary and 
secondary metrics were equivalent. Metrics were measured over 30 days from the call 
(Treatment) or initial eligibility date (Control). A one-tailed Fisher’s exact test was used, 
given the directional hypothesis that outreach would improve metrics.

https://radiantgraph.com/platform/ai-voice-studio
https://radiantgraph.com/platform/ai-voice-studio
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3 Results 

3.1 Impact on Performance Metrics (Treatment vs. Control Groups) 

Across the total study sample, the Treatment group outperformed the Control group 
on both primary and secondary metrics. This overall success was driven primarily by 
members in Stage B; differences in Stages A and C did not reach statistical significance, 
suggesting that the effectiveness of AI voice outreach is highly dependent on where 
persons are in their program journey (Table 1). 

Table 1. Summary of performance metrics 

Stage Metric Control Treatment Odds ratio P-value 

Total Sample size 4,717 4,082 — — 

Appt. completion 
(primary metric) 

15 (0.32%) 44 (1.08%) 3.42 <.001 

Stage progression 
(secondary metric) 

16 (0.34%) 56 (1.37%) 4.09 <.001 

Stage A Sample size 446 1,388 — — 

Appt. completion 
(primary metric) 

6 (1.35%) 21 (1.51%) 1.13 .503 

Acct. creation 
(secondary metric) 

6 (1.35%) 32 (2.31%) 1.73 .146 

Stage B Sample size 2,345 1,437 — — 

Appt. completion 
(primary metric) 

1 (0.04%) 15 (1.04%) 24.71 <.001 

Appt. scheduling 
(secondary metric) 

2 (0.09%) 16 (1.11%) 13.18 <.001 

Stage C Sample size 1,926 1,257 — — 

Appt. completion 
(primary and secondary metric) 

8 (0.42%) 8 (0.64%) 1.54 .269 

3.2 Impact on Call Metrics (Treatment Group) 

Call answer rates and opt-out rates were measured for the Treatment group; for brevity, 
we report across the entire sample. The overall answer rate was 23.99%, higher than 
reported industry benchmarks ranging from 2% to 20% [5, 6]. The overall opt-out 
rate was 0.12%, substantially lower than a reported 1.5% opt-out rate from interac-
tive voice response (IVR) healthcare messaging [7]. All call transcripts were audited by 
an experienced human QA reviewer, with zero escalations for safety concerns identified.
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3.3 Impact on Operational Efficiency 

Benchmarked against historical human-agent outreach within this same population, 
the present deployment enabled a nine-fold increase in realized outbound call vol-
ume without additional staffing. For every 1,000 persons contacted, the platform saved 
approximately 75 h of human agent time; a roughly 70% efficiency gain. 

4 Discussion 

Taken together, these results suggest that AI voice agents are a promising complement 
to traditional digital channels for scaling personalized healthcare engagement. 

With respect to key program behaviors, we observed a potential “sweet spot” within 
the program journey where the benefit of AI voice outreach is most effective; specifically, 
guiding members to schedule and complete a first appointment (Stage B), with smaller 
effects observed for earlier (Stage A) and later (Stage C) journey stages. 

Additionally, the concrete savings in human agent time demonstrate that AI voice out-
reach can address a common operational gap: between the outreach that should happen, 
and what resource-constrained organizations can realistically deliver. 

This deployment represents a step toward a hybrid intelligence model [8, 9]: AI 
that can handle high-volume, structured outreach to facilitate early steps in care, while 
clinicians focus on the clinical encounters themselves. Empirical evidence supports this 
division of labor: AI can match human performance for tasks like screening and triage 
[3, 4], yielding significant cost savings in healthcare delivery [10]. 

4.1 Limitations and Future Work 

We note several limitations, largely driven by the nature of conducting a real-world eval-
uation of a convenience sample. First, the available study population had no eligibility 
constraints based on known GI needs or risk factors, which may explain the low observed 
rates for primary and secondary metrics. 

Second, members in Stages B and C received concurrent SMS outreach; the present 
evaluation assessed the incremental impact of adding AI voice outreach, not a comparison 
of AI voice to human agents, or to no contact at all. 

Additionally, the weekly cadence of data refreshes meant that some individuals in 
the Treatment group may have already completed a target action prior to being called. 
This would bias against a Treatment effect, making our estimates conservative. 

Future work spans both platform development and continued evaluation. Technical 
priorities include (1) expanded integrations with client systems to simplify eligibil-
ity verification and facilitate real-time scheduling, (2) adaptive personalization using 
member interaction patterns, (3) multilingual capabilities, and (4) robust engagement 
metrics extracted from call transcripts, including dialogue progression milestones. We 
are also planning larger-scale studies with diverse populations and clinical contexts [11] 
to further validate the effectiveness of AI voice outreach and establish best practices for 
deployment.
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As healthcare shifts from reactive episodic treatment to proactive continuous support, 
AI voice platforms provide the infrastructure to operationalize precision outreach at 
scale—extending personalized engagement to populations underserved due to resource 
constraints. 
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Abstract. Large Language Models (LLMs) are increasingly used for 
medical entity extraction, yet their confidence scores are often miscali-
brated, limiting safe deployment in clinical settings. We present a con-
formal prediction framework that provides finite-sample coverage guar-
antees for LLM-based extraction across two clinical domains. First, we 
extract structured entities from 1,000 FDA drug labels across eight sec-
tions using GPT-4.1, verified via FactScore-based atomic statement eval-
uation (97.7% accuracy over 110,664 entities). Second, we extract radi-
ological entities from MIMIC-CXR reports using the RadGraph schema 
with GPT-4.1 and Llama-4-Maverick, evaluated against physician anno-
tations (entity F1: 0.81 to 0.84). Our central finding is that miscalibration 
direction reverses across domains: on well-structured FDA labels, mod-
els are underconfident, requiring modest conformal thresholds, while on 
free-text radiology reports, models are overconfident, demanding strict 
thresholds (τ̂ approaching 1.0). Despite this heterogeneity, conformal pre-
diction achieves coverage close to the (1 − α) target on held-out test sets 
in both settings with manageable rejection rates (9–13%). These results 
demonstrate that calibration is not a global model property but varies 
across document types, extraction categories, and model architectures, 
motivating domain-specific conformal calibration for safe clinical deploy-
men t.

Keywords: Large Language Models · Entity Extraction · Conformal 
Prediction

1 Introduction 

Extracting structured entities from unstructured medical text is critical for drug 
safety surveillance and clinical coding, and LLMs have shown strong perfor-
mance  on  these  task  s [11,15]. However, LLM softmax probabilities are poorly 
calibrated [6,7], providing no reliability guarantees for clinical deployment. 

Conformal prediction (CP) addresses this by converting raw scores into 
acceptance decisions with finite-sample coverage guarantees under only an 
exchangeability assumption [2]. CP has been applied to medical imaging [4], 
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pathology coding [13], and EHR surveillance [5]. In our prior work [10], we 
applied CP to EHR extraction across 10,000 visits with thresholds validated 
against expert consensus [3]. Separately, LLM extraction has advanced on FDA 
labels [15] and radiology reports via the RadGraph schema [8,9], though cali-
bration guarantees remain unaddressed. 

We extend our conformal framework to these two domains using GPT-4.1 [1] 
and Llama 4 Maverick [12]. We restrict Llama-4-Maverick to the RadGraph task 
because it provides physician-annotated gold standards enabling direct cross-
model comparison; FDA-label evaluation uses GPT-4.1 alone, building on our 
prior LLM-judge pipeline [10]. We find that miscalibration reverses across docu-
ment types: on well-structured FDA labels, models are underconfident, while on 
free-text radiology reports, models are overconfident. Our framework adapts to 
both regimes, providing valid coverage guarantees and enabling domain-specific 
routing between automated acceptance and human review. 

2 Methods 

Both models return per-token log-probabilities. The pipeline has four steps. 

Step 1: Extraction with Token Confidence. The LLM extracts entities from eight 
FDA label sections (indications, adverse reactions, drug interactions, contraindi-
cations, warnings, pregnancy, pediatric and geriatric use) and from radiology 
reports following the RadGraph schema [8] with anatomy (ANAT) and three 
observation types: definitely present (OBS-DP), absent (OBS-DA), and uncer-
tain (OBS-U). For each entity span of me tokens with softmax probabilities pe,t, 
we compute a span-level confidence via the geometric mean: 

p̂e =  exp  
1 

me 

me 

t=1 

log pe,t (1) 

Step 2: Verification. For FDA labels, GPT-5-mini serves as an LLM-as-a-judge 
using the VeriFact framework [3], producing a fact-score from 0 to 3; only score 3 
counts as correct (ye =  1). We validated this verification approach against three-
physician adjudication in our prior work [10], achieving expert-level agreement 
(87.3% vs. 88.5% inter-physician) on 13,290 propositions. For radiology reports, 
we match extracted entities against the RadGraph gold annotations. 

Step 3: Nonconformity Score. We define se = −logit(p̂e), mapping confidence 
from (0, 1) to (−∞, +∞) and spreading out the high-confidence region where 
most entities cluster.

Step 4: Split Conformal Calibration. For each category c, we partition verified 
entities 70/30 into calibration and test sets. On the calibration set of size nc,  we  
sort nonconformity scores and set the threshold: 

τc = s (1−α)(nc+1) (2)
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Entities with se ≤ τc are accepted; the rest are flagged for human review. By 
exchangeability, at least (1−α) of correct extractions are retained regardless of 
the model’s underlying calibration quality.

3 Results and Discussion 

FDA Label Extraction. We extracted 110,664 entities from 1,000 FDA drug 
labels across eight sections using GPT-4.1, achieving 97.7% overall fact-score 
accuracy (per-section range: 74.3% for Pediatric Use to 100% for Geriatric Use). 
Calibration curves (Fig. 1) reveal that GPT-4.1 is underconfident on FDA labels: 
predicted confidence p̂ consistently falls below empirical accuracy. ECE ranges 
from 0.022 (Adverse Reactions, nearly perfectly calibrated) to 0.211 (Pediatric 
Use, the sole exception, likely due to sparser safety l anguage).

At α =  0.10, conformal prediction achieves empirical coverage of 88.5% to 
90.8% (close to the 90% target) with 9.2% to 11.5% rejection rates across all 
sections. The model’s underconfidence is advantageous here, keeping conformal 
thresholds modest, in contrast to our prior EHR work [10] where overconfidence 
forced near-maximum thresholds. 

RadGraph Entity Extraction. We evaluated extraction on 100 MIMIC-CXR 
reports against test set of RadGraph gold annotations. With 5-shot prompting 
from dev set, GPT-4.1 achieves entity F1 of 0.826 and relation F1 of 0.502. 
Few-shot examples are critical: zero-shot recall drops 14.6 points and relation 
F1 nearly halves. 

In stark contrast, both models are overconfident on radiology reports (Fig. 2), 
assigning near-certain probabilities to incorrect extractions. Llama achieves 
lower ECE than GPT-4.1 across all categories except OBS-U, which remains 
challenging due to hedging-language ambiguity. For OBS-DA, Llama requires 
τ̂  >  0.999, reflecting high negation accuracy (ECE = 0.048). Rejection rates of 
8.9–13.4% confirm conformal filtering flags a manageable fraction while main-
taining target coverage (Table 1). 

Implications and Conclusion. Our central finding is that LLM calibration 
direction reverses across clinical domains: underconfident on structured FDA 
labels, overconfident on free-text radiology reports. Conformal prediction adapts 
to both regimes automatically, with thresholds that are lenient where models 
are conservative and strict where they are overconfident. A key limitation is the 
requirement for token-level log-probabilities, which several frontier model APIs 
do not currently expose. Future work includes extending guarantees to black-box 
models via surrogate confidence estimation [14] and comparison with post-hoc 
calibration baselines.1 

1 Declaration of AI Assistance: The authors used GitHub Copilot for writing or draft-
ing manuscript content, and refinement or formatting of code reported in the sub-
mitted manuscript. After using this technology, the authors reviewed the results and 
take full responsibility for the contents of the manuscript.
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Fig. 1. Calibration curves for 4 sections from FDA labels extraction with GPT-4.1 
(n=1,000 drugs). Predicted span confidence p̂ (geometric mean of token probabilities) 
versus empirical accuracy. ECE ranges from 0.022 (Adverse Reactions) to 0.211 (Pedi-
atric Use), motivating category-specific conformal thresholds.

Table 1. Per-category entity extraction and conformal prediction on 100 RadGraph 
test reports (α =  0.10, 5-shot). τ̂c is the category-specific conformal threshold; entities 
with p̂  <  ̂τc are flagged for review.

GPT-4.1 Llama-4-Maverick 
Category Prec. Rec. F1 ECE↓ ̂τc Rej.% Prec. Rec. F1 ECE↓ ̂τc Rej.% 

anat-dp .834 .933 .880 .130 .763 8.9 .865 .893 .879 .085 .971 10.7 
obs-dp .827 .769 .797 .123 .748 11.2 .905 .724 .804 .063 .941 11.2 
obs-da .833 .914 .871 .115 .782 8.9 .902 .900 .901 .048 >.999 10.1 
obs-u .305 .648 .415 .528 .821 13.4 .444 .580 .502 .407 .898 9.6 

Fig. 2. Per-label calibration curves for GPT-4.1 and Llama-4-Maverick (5-shot, 100 
CXR reports [9]). Predicted span confidence p̂ (geometric mean of token probabili-
ties) versus empirical accuracy across four entity categories. Llama-4-Maverick achieves 
lower ECE overall (0.085 vs 0.147), while OBS-U remains poorly calibrated for both 
models. Per-category ECE values are reported in Table 1.
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Abstract. Low back and neck pain are leading causes of disability, 
and some patients require surgical intervention to prevent long-term 
complications. Current triage workflows rely on MRI reports, question-
naires, and in-person assessment. However, many referred patients are 
ultimately managed non-surgically, contributing to long wait times and 
inefficient use of specialist resources. Automated decision support that 
distinguishes surgical from non-surgical cases could improve prioritiza-
tion and care pathways. 

This study investigates large language models (LLMs) for surgical 
triage using real-world data from the Spine Assessment Clinic in Edmon-
ton, Canada. The dataset includes MRI reports and patient question-
naires, reflecting routine clinical inputs. We first evaluate conventional 
machine learning methods and find that these approaches perform poorly 
due to class imbalance, limited labelled data, and the complexity of radi-
ology narratives. We then explore prompt-based use of open-source LLMs 
as an alternative to gradient-based training. LLMs outperform con ven-
tional models in this low-resource setting, particularly in unambiguous
cases. Ablation analyses indicate that neither data modality alone is suf-
ficient, but their combination yields the most reliable triage performance.

To the best of our knowledge, this work presents the first evaluation
of LLMs for spine surgery triage on real-world clinical data. We bench-
mark multiple methods, examine multimodal integration strategies, and
assess agreement with expert labels, highlighting both the promise and
limitations of LLM-based clinical decision support.

Keywords: Large Language Models · Surgical Triage · Clinical 
Decision Support Systems

1 Introduction and Related Work 

Low back and neck pain are common conditions, yet only a subset of patients 
require surgical interven tion. In practice, many referred patients are managed
c The Author(s), under exclusive license to Springer Nature Switzerland AG 2027 
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non-surgically, leading to unnecessary specialist consultations and prolonged 
wait times. At the Spine Assessment Clinic (SAC) in Edmonton, Canada, triage 
relies on diverse clinical inputs, including referral letters, MRI reports, patient 
questionnaires, and consultation findings. This motivates developing automated 
decision support systems to iden tify likely surgical candidates earlier. How-
ever, this task is challenging due to unstructured radiology narratives, high-
dimensional and evolving questionnaire data, and limited, imbalanced labelled
outcomes.

In recent years, machine learning has advanced clinical text processing [1]. 
However, triage using clinical text remains underexplored and often relies on 
curated datasets or narrow tasks. Prior work on the Spine Assessment Clinic 
triage showed that traditional NLP approaches can b e outperformed by basic
clinical variables, highlighting the difficulty of extracting surgical signals from
radiology reports [3]. Multimodal approaches combining reports and question-
naires improve performance but still depend heavily on large labelled datasets [5]. 
LLMs can potentially offer an alternative by leveraging prior knowledge without 
task-specific training. Although recen t studies examine LLMs for clinical rea-
soning and triage [2,4], they focus mainly on emergency or synthetic settings, 
leaving their effectiveness for real-world surgical decision support unclear.

In this work, we address surgical triage for spine care using a real clinical 
dataset with limited samples and heterogeneous inputs. We evaluate prompting-
based use of open-source LLMs and compare them directly with conventional 
machine learning approaches. This setting allows us to study the feasibility of
privacy-preserving, locally deployed LLM decision support for a nuanced clinical
task that has received little prior attention.

2 Method  

2.1 Data 

We use de-identified MRI reports from 408 Spine Assessment Clinic patients, 
each paired with a 65-item self-assessment questionnaire. Of these, 69 (16.9%) 
were surgical and 339 (83.1%) non-surgical. The questionnaire captures demo-
graphics, clinical symptoms, and disability (Oswestry Disability Index), among 
others. The outcome is the neurosurgeon’s final decision, made by one of five 
certified neurosurgeons. Decision codes were grouped into three categories: clear 
non-surgical (Codes 1–2), in-person assessmen ts without surgery (Codes 3–4),
and surgeon-involved decisions, including surgical (Codes 5–7) and non-surgical
management (Codes 8–10). For consistency with clinical practices, decision codes
5, 6, and 7 are treated as surgical in the current work, while all the remaining
codes are non-surgical.

2.2 LLM as Surgical Decision Support System 

We propose a pipeline for leveraging the knowledge encoded in both the radiology 
reports and patient-completed questionnaires. We combine questionnaire and
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report text with a prompt and use the LLM to classify patients as surgical or 
non-surgical. Here we describe the components of the pipeline:

To integrate questionnaire data into the model, each patient questionnaire 
is serialized into text following the <field_name>: <field_value> template. 
Questions with missing information are omitted from the serialized text. Radiol-
ogy reports are processed by extracting the Findings and Impression sections [1], 
which are then combined with the serialized questionnaire to form different input 
representations for the LLM. To address the lack of fixed rules in spine surgery 
triage, this study evaluates multiple prompting strategies rather than relying 
on manually engineered prompts designed by medical e xperts, aiming to better
align model predictions with expert decisions in a scalable way. For this purpose
we evaluate three different prompting methods:

1. Plain Prompting: The model is provided with the patient’s data and 
asked to directly classify the patient as surgical or non-surgical.

2. Heuristic Prompting: The prompt asks the LLM to act as a neuro-
surgeon and apply heuristics, which are manually derived from the literature, 
to determine whether surgery is needed. These heuristics include symptom and
pain patterns, and imaging findings.

3. Prompt Learning: In this approach, the LLM is given a set of ground-
truth examples and asked to identify patterns in the data and generate a prompt 
that includes information about how to do a surgical triage. We then use this 
prompt along with the patient’s data to instruct a second LLM to make the final
decision. Examples used in the prompt learning approach are selected randomly
with an equal number of examples from each class.

Table 1. Qwen2.5-32B results compared to the baselines. Results are obtained under 
the best data combination for each model, averaged across folds (mean ± std).

Method ROC AUC Specificity Sensitivity 
Machine learning baseline 

Logistic Regression + BGE-M3 0.6172 ± 0.07 0.5958 ± 0.08 0.6385 ± 0.13

Fine-tuned RadBERT 0.5000 ± 0.00 1.0000 ± 0.00 0.0000 ± 0.00

Prompt-based LLM (Qwen2.5-32B) 

Plain Prompt 0.6681 ± 0.08 0.5219 ± 0.07 0.8143 ± 0.11

Heuristic Prompt 0.6918 ± 0.09 0.6133 ± 0.07 0.7703 ± 0.11

Prompt Learning 0.6172 ± 0.05 0.3629 ± 0.05 0.8714 ± 0.09

After constructing the prompt, the patient data and prompt are combined 
and fed into the LLM for classification. The model outputs a decision label along 
with a confidence score and key decision factors, improving interpretability and
providing useful support for surgeons during triage.
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3 Experimental Results 

Table 1 reports the best-performing configuration for each model under its most 
informative data combination using 5-fold stratified cross-validation. The LLM 
temperature was set to 0 to eliminate stochasticity. Moreover, for brevity, we 
report only the strongest model per category, although more models were evalu-
ated. The best results are obtained using the prompt-based method and when the 
model is instructed with explicit decision heuristics. Although prompt learning 
performs similarly to the baseline in ROC A UC, its high sensitivity suggests that
letting the LLM craft decision rules from examples has resulted in a bias toward
predicting the surgery class. In our experiments, limited training data and class
imbalance prevented complex machine learning models, such as RadBERT [6], 
from learning robust patterns and resulted in them only predicting the majority 
class (negative), whereas simpler m odels could be trained more reliably. Addi-
tionally, Table 2 compares Qwen2.5-32B performance across three input modal-
ities: MRI reports, questionnaires, and their combination. Questionnaire-only 
inputs show weak performance, suggesting limited predictive signal. Performance 
improves with radiology reports, but the best results come from combining both 
modalities, achieving the highest ROC A UC (0.69) and improved sensitivity.
Overall, multimodal inputs are essential for accurate triage, and full reports
outperform isolated sections.

Table 2. ROC AUC across input modalities. Abbreviations: Q = Questionnaire; RF 
= Report (findings); RI = Report (impression); R = Report (full); CF = Combined
(findings); CI = Combined (impression); C = Combined (full).

Q RF RI R CF CI C 
ROC AUC 0.57 0.57 0.56 0.64 0.66 0.61 0.69 

Fig. 1. Confusion matrix for Qwen2.5-32B (heuristic) on the full dataset. 
TN/FP/FN/TP denote true/false n egatives/positives.

4 Discussion and Conclusions 

After comparing the LLM results across patient categories in Fig. 1, we infer 
that performance is strongest for unambiguous surgical candidates (codes 5– 
7), indicating that the model reliably recognizes patients who ultimately require
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imminent or urgent surgery. This supports the hypothesis that LLMs are effective 
at identifying clear surgical patterns. Performance is also strong for clear non-
surgical cases decided without surgeon consultation (codes 1–2). However, the 
model performs poorly for borderline or uncertain clinical groups, which include 
patients seen by surgeons but managed conservatively or monitored over time. 
The results indicate that the model frequently predicts surgery when clinicians 
instead opt for observation or delayed surgical decision-making. This pattern 
implies that the model struggles with cases in which surgical candidacy depends 
on nuanced contextual factors, such as longitudinal respo nse to treatment. The
system therefore appears most suitable as a first-stage triage aid to help surgeons
identify clearly surgical or clearly low-risk patients; it is intended only as a
decision-support assistant, not a replacement for clinical judgment. Complex
shared-decision cases still require expert review and may benefit from additional
clinical context and more advanced prompt engineering.
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Abstract. Pediatric critical care is a dynamic, high-stakes process 
involving constant monitoring and adjustments in life-saving treatments. 
Modeling these interventions is crucial for effective decision support. In 
pediatric Extracorporeal Membrane Oxygenation (ECMO), where data 
are scarce and clinical dynamics are complex, we frame clinical decision-
making as imitation learning from observational data, in which actions 
are not directly observed. We consider TabPFN, a recent transformer-
based approach for tabular data, and traditional baselines including 
XGBoost a nd Multi-Layer Perceptrons on real-world pediatric ECMO
data to learn the action models. We find that the TabPFN-based app-
roach consistently outperforms these classical baselines, supporting its
use as a strong clinician-behavior baseline for pediatric ECMO decision
support.

Keywords: Pediatric ECMO · Imitation Learning · Clinical Decision 
Support · Tabular Transformers

1 Introduction 

Managing patients on life support requires clinicians to make continuous, high-
stakes adjustments to machine settings in response to rapidly changing physio-
logical signals. However, automated decision supp ort remains limited, particu-
larly in specialized domains like pediatric Extracorporeal Membrane Oxygena-
tion (ECMO) [5], a method used to support critically ill children with cardiac 
or respiratory failure. Building decision support systems for this domain is com-
plicated by the incomplete and difficult-to-formalize nature of pediatric-specific
protocols, alongside the ethical and practical impossibility of experimentation
on critically ill children.
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We address this challenge of learning to manage pediatric ECMO b y framing
it as an imitation learning (IL) [4,7] task; here, an AI agent learns a policy that 
maps observations to actions by mimicking expert behavior. Imitation learning 
from ECMO trajectories presents three key challenges, namely irregular clini-
cal observation intervals, a concurrent, high-dimensional action space without 
explicit annotations, and severe data scarcity. We resolve these by aggregating 
trajectories into hourly windows, using expert knowledge to infer latent clini-
cian actions, and employing TabPFN, a pretrained tabular transformer, as the 
base policy learner. We empirically evaluate this method on a small dataset
of 78 pediatric ECMO trajectories, and find that the TabPFN-based learner
outperforms traditional baselines such as a multilayer perceptron (MLP) and
gradient-boosted trees, demonstrating the promise of tabular foundation models
and IL for clinical decision support in this challenging setting1 . 

2 Learning to Act in Pediatric ECMO 

We aim to learn policies to manage children on ECMO life support by mimicking 
expert behavior in historical trajectories. We define the task as follows:

Given: Observational pediatric ECMO patient trajectories. 
Task: Learn a treatment policy t hat imitates clinician b ehavior.

We address this task using Imitation Learning (IL) [4]. Unlike reinforcement 
learning [9], which requires active interaction, offline IL uses expert demonstra-
tions already available in the historical clinical records, making it more suitable 
for pediatric ICU settings. To formalize pediatric ECMO as IL, we first derive 
latent clinical actions from the patient trajectories using expert knowledge. We 
then decompose the imitation learning task into a factorized, hierarchical policy 
model, predicting interventions independently pe r action knob and separating
the identification of a change from the determination of its direction. Finally, we
instantiate the imitation learner using the TabPFN tabular foundation model
and compare it with instantiations based on traditional machine learning models.

Each trajectory is represented as a sequence of state–action pairs, (st,  at). 
The state st is constructed from four primary data streams: hemodynamics, lab-
oratory test results, ECMO circuit variables, and ventilator settings. For each 
selected variable, we use both the mean hourly value and its delta relative to the 
preceding hour to capture short-term temporal trends. The action at is mod-
eled as a multi-dimensional vector (a1 

t ,  .  .  .  ,  aK 
t ), allowing for the representation 

of simultaneous adjustments across K distinct “knobs”. Since ECMO trajec-
tories lack explicit intervention labels, we infer each knob-specific action k by
monitoring its delta over a 1-h window:

ak
t =

⎧
⎪⎨

⎪⎩

Increase, xk
t+1 − xk

t > δk,

Decrease, xk
t+1 − xk

t < −δk,

Same, otherwise,

1 Code is available at https://github.com/fateme-gd/ImitationLearning ECMO.git. 
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Table 1. Actionable features 
(knobs) and physician-defined 
action thresholds. A discrete 
action is identified when the 
absolute change within a 60-
minute window exceeds the 
sp ecified threshold.

Knob Threshold 
Arterial PO2 25 mmHg 
Arterial PCO 2 5 mmHg 
SpO2 5% 
FiO2 10% 

where δk is a physician-defined threshold. 
This converts physiologic trajectories into super-
vised demonstrations while filtering small fluc-
tuations that are unlikely to reflect meaningful 
interv ention. This state–action definition allows
us to make the first-order Markov assump-
tion [8], approximating clinician behavior as the 
conditional distribution of a decision at time t 
given only the curren t state instead of the full
history: p(At | st).

To address the high-dimensional action space 
and the dominance of the “Same” action, we 
adopt a factorized, hierarchical policy structure. 
We train independent predictors for each knob, 
which allows the model to recommend concur-
rent interventions while avoiding the combinatorial explosion of a joint action 
space of 3 K possible composite actions. Each knob-specific head employs a two-
stage process: first, a binary classifier identifies a change; second, conditional on
a change, a classifier determines its direction.

We instantiate this framework using the TabPFN 2.5 tabular transformer [3]. 
TabPFN encodes a broad tabular prior from its extensive pretraining on millions 
of synthetic datasets. This enables it to perform probabilistic inference in con-
text, producing calibrated predictive probabilities in a single forward pass with-
out requiring dataset-specific gradient-based training or hyp erparameter tuning.
We compare this instantiation with ones based on a 3-layer feedforward neural
network (MLP) trained with gradient-based optimization [2] and a gradient-
boosted model (XGBoost) consisting of 200 shallow trees [1]. 

3 Evaluation 

We evaluate the generalization performance, calibration, and alignment with 
clinician decisions of t he three imitation learners using a small pediatric cohort.

Dataset. We obtained 78 pediatric ECMO trajectories from Children’s Med-
ical Center, Dallas; these excluded cases with congenital heart disease due to 
the complexity of specialized management. The cohort had an average age of 
4.66 years and an average trajectory length of 215 h. The state vector con-
sists of 48 features, encompassing 23 physician-selected clinical variables across 
hemodynamics, ECMO circuit configurations, ventilator settings, and laboratory 
results; their one-hour deltas; the ECMO type; and an active-support indicator.
To account for pediatric developmental variance, heart rate and mean arterial
pressure are age-normalized. Action labels are derived using the physiological
thresholds defined in Table 12 .

2 A complete description of the state and action space is provided in https://github. 
com/fateme-gd/ImitationLearning ECMO/blob/master/y.pdf. 

https://github.com/fateme-gd/ImitationLearning_ECMO/blob/master/y.pdf
https://github.com/fateme-gd/ImitationLearning_ECMO/blob/master/y.pdf
https://github.com/fateme-gd/ImitationLearning_ECMO/blob/master/y.pdf
https://github.com/fateme-gd/ImitationLearning_ECMO/blob/master/y.pdf
https://github.com/fateme-gd/ImitationLearning_ECMO/blob/master/y.pdf
https://github.com/fateme-gd/ImitationLearning_ECMO/blob/master/y.pdf
https://github.com/fateme-gd/ImitationLearning_ECMO/blob/master/y.pdf
https://github.com/fateme-gd/ImitationLearning_ECMO/blob/master/y.pdf
https://github.com/fateme-gd/ImitationLearning_ECMO/blob/master/y.pdf
https://github.com/fateme-gd/ImitationLearning_ECMO/blob/master/y.pdf
https://github.com/fateme-gd/ImitationLearning_ECMO/blob/master/y.pdf
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Fig. 1. Expected Calibration 
Errors of imitation learners based 
on TabPFN, X GBoost, and MLP.

Metrics. Given the inherent class imbal-
ance, we quantify the performance of the imi-
tation learners using balanced accuracy and 
macro-F1 scores for each action head, along-
side aggregate macro-precision and macro-
recall. Additionally, we quantify model cal-
ibration using Expected Calibration Error
(ECE) [6], where lower values indicate that 
the model’s predicted confidence aligns more 
closely with its empirical accuracy. We com-
pute these metrics using leave-one-out (LOO) 
cross-validation: in each fold, one patient tra-
jectory is held out for testing, and all remain-
ing patients are used for training. We apply the
same LOO protocol and identical two-stage pipeline for all methods.

Fig. 2. Action selection performance of imitation learners based on TabPFN, XGBoost, 
and MLP. Metrics computed using leave-one-out cross-validation. (a) Aggregate p erfor-
mance. (b–c) Per-action-head performance. Values show mean ± standard deviation.

Results. We now present our results, o rganized around three questions.
Q1: Do the learned policies generalize to unseen data? TabPFN 

achieves the highest mean balanced accuracy and macro-F1 across t he majority
of the actions (Fig. 2). The consistent improvement in balanced accuracy suggests 
that TabPFN is more resilient to the class imbalance inherent t o this setting and
generalizes more effectively to held-out patients.

Q2: Are the policies calibrated? Beyond raw accuracy, clinical decision 
support models must be well-calibrated to be trustworthy. TabPFN consistently 
achieves a lower ECE than the MLP and XGBoost baselines (Fig. 1). This indi-
cates that the posterior probabilities produced by TabPFN’s in-context inference 
closely matc h its empirical accuracy, providing reliable confidence estimates.

Q3: Where do the learned policies disagree with the clinicians? 
Beyond quantitative metrics, we investigate the specific physiological conditions 
under which the learned policies diverge from human expert decisions. To identify
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these regions of the state space, we extracted the most frequent features across 
states with the highest model-expert disagreement by training shallow decision
trees on the residual errors of their predicted probabilities (Table 2). 

Table 2. Most frequent features 
appearing in high disagreement states, 
across all knobs for each m odel. 

Feature MLP TabPFN XGBoost 
FiO2 2 5 5 
SpO2 1 5 3 
pH 2 3 2 
PO2 3 2 1 
PCO2 2 3 1 
Lactate 3 1 1 

Oxygenation-related signals, specifi-
cally FiO2 and SpO2, consistently define 
the boundaries where model predictions 
deviate from clinician actions. However, 
the nature of these disagreements varies 
by model type: TabPFN disagreements 
are most often associated with FiO2, and 
SpO2, whereas MLP disagreement more 
often involves PO2 and lactate. T his sug-
gests that the models deviate from clin-
ician actions in different regions of the
state space and motivates future expert
review of high-disagreement states.

4 Conclusion 

We presented an Imitation Learning framework to model clinical decision-making 
in pediatric ECMO. Our framework maps patient states to concurrent clinical 
interventions by inferring action labels from patient trajectories and employing 
a factorized, hierarchical policy architecture. Our empirical evaluation finds that 
TabPFN consistently outperforms traditional gradient-based baselines, suggest-
ing that it can serve as an effective clinician-behavior baseline in challenging 
critical care settings. There are two key directions for future work. First, while 
we identify regions of model-clinician disagreements, future work should analyze
whether they correlate with patient outcomes, such as risk of neurological injury.
Second, while our policies accurately replicate clinician behavior, future work
should explore policy improvement by incorporating expert-defined rewards.
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Abstract. Effective “all-team” summarization in high-complexity set-
tings like the Neonatal Intensive Care Unit (NICU) requires aggregating 
insights from diverse disciplines (physicians, nurses, therapists) spread 
across hundreds of clinical free-text notes. Simply pooling heterogeneous 
text often leads to incoherent outputs. Structured summarization there-
fore first requires accurate categorization of sentence-level section labels 
across multi-source notes. This pilot study introduces a clinical section 
categorization pipeline using supervised fine-tuning (SFT) of large lan-
guage models (LLMs). We adapted two Llama-3 models (8B and 70B) 
to MedSecId, a corpus of 2,002 MIMIC-III (Adult ICU) notes anno-
tated with clinical section headers, achieving in-domain Macro F1 scores 
above 92% for both models. To evaluate cross-domain generalization, 
we assessed model capacity (8B vs. 70B) and quantization on a gold-
standard dataset of 227 sentence-level spans derived from three mul-
tidisciplinary NICU summaries. Experimental results suggest a poten-
tial scale-dependent transfer effect: while SFT produced only marginal
changes for the 8B model, it substantially improved the 70B model,
increasing Macro F1 by 7%. Notably, the quantized fine-tuned 70B model
outperformed its full-precision baseline while substantially reducing com-
putational requirements. These findings suggest that sufficient model
capacity is critical for preserving semantic flexibility during cross-domain
clinical transfer and that efficient quantized adaptation can enable struc-
tured section-label modeling for downstream summarization.

Keywords: Clinical NLP · Large Language Models · Supervised 
Fine-T uning · Clinical Section Categorization
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1 Introduction 

Critical care in high-complexity environments like the Neonatal Intensive Care 
Unit (NICU) relies on synchronized expertise across diverse disciplines, including 
physicians, nurses, and therapists. This collaborative model produces unbalanced 
Electronic Health Records (EHR), where extensive physician documentation can 
overshadow lower-frequency contributions from specialized services. Standard 
summarization approaches risk losing these nuanced signals by “po oling” het-
erogeneous text. To address this challenge, we propose a section-aware retrieval
pipeline that categorizes sentence-level spans from multi-source clinical notes,
preserving multidisciplinary structure for downstream summarization.

Clinical section header identification has evolved from rule-based match-
ing [1] to context-aware supervised language models [2,3]. However, super-
vised approaches typically require extensive domain-specific annotation and 
often struggle to generalize to specialized clinical settings [4]. To address this 
limitation, we investigate whether large language models (LLMs) can trans-
fer structured section representations across d omains. Specifically, we evaluate
two Llama-3 models [5] (8B and 70B), fine-tuned on adult ICU data, for cross-
domain generalization to neonatal care. Our findings suggest a scale-dependent 
transfer pattern: while both models perform comparably in-domain, the quan-
tized 70B model more effectively preserves structured section constraints under
domain shift, achieving more balanced cross-domain performance compared to
the smaller variant.

2 Methodology 
2.1 Datasets and Clinical Section S chema

To investigate cross-domain transfer, we study sentence-level clinical section cat-
egorization using two datasets spanning adult ICU and neonatal intensive care 
(NICU), where each span is assigned to a predefined section/header category.
Source Domain (Adult ICU): We leveraged MedSecId [6], comprising 2,002 
MIMIC-III notes with annotated headers. To promote cross-domain generaliza-
tion, annotations were distilled into 17 high-prevalence categories (e.g., History 
of Present Illness, Hospital Course), yielding 1,562 notes split 80/10/10. This 
curation reduces overfitting to facility-specific headers and improves transfer-
ability. The data were formulated as a chat-based instruction-tuning task with
134,640 sentence-level spans (107,777 train, 13,876 val, 12,987 test), where each
instance includes a system instruction, contextualized input sentence (with adja-
cent context), and ground-truth label.
Target Domain (NICU): To evaluate zero-shot transfer, we constructed a 
NICU pilot set of 227 sentence-level spans from three de-identified multidis-
ciplinary “all-team” discharge summaries. These summaries were produced by 
a multidisciplinary clinical team (physicians, nurses, therapists) and used to 
derive section labels. Each sentence was reviewed by two clinicians using a
consensus-derived schema, with disagreements resolved via adjudication; formal
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agreement metrics (e.g., . κ) were not computed given the pilot setting and itera-
tive schema refinement. The schema includes 25 fine-grained categories spanning 
discharge sections (e.g., Brief Admission Summary), discipline summaries (PT, 
OT, SLP), care coordination (e.g., Feeding-Nutrition, Family-Social), and organ-
system hospital course (e.g., Respiratory, Cardiovascular). This representation 
only partially overlaps with adult ICU headers and in troduces greater granu-
larity, providing a stringent test of cross-domain generalization. The study was
approved by the University of Illinois Chicago IRB.
Task Example: Given a sentence-level span from a NICU discharge summary, 
e.g., “Patient was intubated in delivery room and placed on high frequency jet 
ventilator.,” the model aims to predict the corresponding section label (here, 
Hospital Course Respiratory). In contrast, “27kcal Enfacare ad lib feeding with 
slow flow nipple” is assigned to F eeding-Nutrition. The task assigns each span
to a clinical section category rather than generating text.

2.2 Model Architectures and Efficient Fine-Tuning

We fine-tuned Llama-3.1-8B-Instruct and Llama-3.3-70B-Instruct mo dels using
QLoRA [7], reducing model weight memory by approximately 75% relative to 
16-bit storage. This enabled a full 70B model replica to fit within the 80GB 
memory budget of an A100 GPU, allowing data-parallel training across four
GPUs. Both models were quantized to 4-bit Normal Float (NF4) precision, with
LoRA adapters [8]  (.r = 16, α = 32) attached to all linear projections, including 
MLP gate, up,  and  down layers, rather than restricting adaptation to attention 
modules. This substantially increased trainable parameter coverage and allowed 
modification of b oth attention patterns and feed-forward representations. Fol-
lowing standard scaling practice, we used a learning rate of .2e−4 for the 8B 
model and .1e−4 for the 70B model. Both models converged stably with minimal
trainvalidation loss gaps (. <0.08), suggesting effective generalization without evi-
dence of overfitting. Training used 1 epoch, effective batch size 16, bf16 precision,
and LoRA dropout 0.05 for both models.

3 Results 
3.1 In-Domain Performance (MedSecId)

Before evaluating cross-domain transfer, we first assessed the instruction-tuning 
pipeline on the source domain. Both architectures demonstrated strong align-
ment with the clinical section schema. As shown in Table 1, the 8B and 70B mod-
els achieved nearly identical weighted F 1-scores of 0.94 on the held-out test set
(.N = 12,987 spans). Importantly, Macro F1-scores (0.920.93) closely matched 
the weighted metrics, indicating that performance was consistent across both 
high- and low-frequency categories rather than being driven p rimarily by preva-
lent classes. For example, the low-frequency section header Review of Systems
(.N = 56 spans; 0.43% of the test set) achieved F1-scores between 0.81 and 0.84, 
demonstrating meaningful generalization even under limited class support. The
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close agreement between weighted and macro averages establishes a robust in-
domain baseline. Notably, the larger 70B model did not exhibit a statistically 
meaningful advantage over the 8B variant under domain-specific supe rvision,
suggesting that parameter scale alone does not substantially improve schema
internalization in the source setting.

Table 1. In-Domain Evaluation on MedSecId Test Set (.N = 12, 987 spans) 

Model Macro Average Weighted Av erage

Precision Recall F1 Precision Recall F1 
Llama-3.1-8B 0.94 0.92 0.92 0.94 0.94 0.94 

Llama-3.3-70B 0.94 0.92 0.93 0.94 0.94 0.94 

3.2 Cross-Domain Transfer to NICU

Evaluation on the NICU Pilot Set (.N = 227 spans) revealed a divergence in gen-
eralization capabilities (Table 2). Although both architectures achieved compa-
rable in-domain performance (0.94 weighted F1), their ability to transfer section-
label supervision to neonatal care differed. Llama-3.3-70B (SFT) achieved the 
strongest overall performance, reaching a weighted F1 of 0.60, a 4-point improve-
ment over its base version. More notably, its Macro F1 improved from 0.52 to 
0.59. This suggests that the 70B model may have sufficient parameter capacity 
to internalize the structured constraints of the clinical schema while maintaining 
the semantic flexibility required to recognize specialized, low-prevalence NICU 
section categories not observed during fine-tuning. In contrast, Llama-3.1-8B 
demonstrated only modest transfer gains. While weighted F1 improved slightly 
from 0.47 to 0.50, Macro F1 remained essentially unchanged (0.53 to 0.52). 
This near-parity suggests that fine-tuning primarily reinforced performance on 
higher-frequency classes without meaningfully improving minority-category gen-
eralization. Unlike the 70B model, the 8B architecture appears constrained in 
its ability to translate structured supervision into cross-domain improvements. 
Overall, these results suggest that larger-capacity models may be more effective
at translating structured supervision into balanced cross-domain performance.
Errors for the 70B model were most pronounced in Caregiver Education cate-
gories (e.g., SLP), with low recall despite high support, reflecting domain mis-
match: these sections encode clinician instruction and intervention (e.g., “Assis-
tance with breast and bottle feeding with cueing and readiness”) and were often
misclassified into broader adult ICU categories such as Hospital Course, which
lack explicit representations of caregiver-directed or feeding-related content.

4 Conclusion and Future Work

This study shows that supervised fine-tuning can adapt LLMs to fine-grained 
clinical section categorization, but cross-domain transfer from adult ICU docu-
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Table 2. Cross-Domain Evaluation on NICU Pilot Set (.N = 227 spans). 

Model Version Macro Average Weighted Av erage

Precision Recall F1 Precision Recall F1 
Llama-3.1-8B Base 0.54 0.62 0.53 0.53 0.50 0.47 

SFT 0.61 0.55 0.52 0.66 0.52 0.50 

Llama-3.3-70B Base 0.57 0.57 0.52 0.65 0.58 0.56 
SFT 0.64 0.69 0.59 0.70 0.62 0.60 

mentation to multidisciplinary NICU summaries remains challenging. The 70B 
model showed numerically stronger transfer than the 8B model, but this pattern 
should be interpreted cautiously: the NICU Pilot Set contains only 227 sentence-
level spans from three multidisciplinary discharge summaries, and a McNemar
exact test was not statistically significant (.p = 0.24). The study is also limited 
by the absence of non-LLM baselines such as ClinicalBERT.

Developing larger NICU evaluation sets is resource-intensive because section 
labels in “all-team” summaries require manual review of heterogeneous physi-
cian, nursing, and therapy documentation, where relevant information is dis-
tributed across discipline-specific notes rather than consolidated into standard-
ized sections. Future work will expand the NICU set, add non-LLM baselines, 
and evaluate whether section classifiers can support downstream summarization 
b y providing more targeted contextual grounding for LLM-based discharge sum-
maries. Overall, our findings suggest that larger models may offer more robust
cross-domain gains, but stronger evidence will require larger annotated datasets
and broader baseline comparisons.
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Abstract. Maternal Vascular Malperfusion (MVM) lesions are placental abnor-
malities associated with increased lifelong cardiovascular disease risk in moth-
ers and are typically identified using high-resolution whole-slide images (WSIs). 
Manual annotation of MVM lesions is time-consuming and subjective, motivating 
weakly supervised approaches such as attention-based multiple instance learning 
(MIL) for WSI-level classification. However, the influence of feature extractor 
pretraining, particularly domain alignment and dataset scale on downstream MIL 
performance remains misunderstood. This study compares tile-level feature rep-
resentations extracted from ImageNet-pretrained models (ResNet-18, ResNet-50, 
ViT-B, ViT-L, and DeiT-III) and pathology-specific foundation models (Prov-
GigaPath, H-Optimus-1, Hibou-B, and Hibou-L) within a fixed attention-based 
MIL framework for MVM classification. Prov-GigaPath achieved the highest 
ROC-AUC (73.33%), followed by H-Optimus-1 (72.07%). Prov-GigaPath also 
produced higher accuracy, precision, and F1-score, while H-Optimus-1 demon-
strated higher recall (sensitivity). Among ImageNet-pretrained models, ViT-L 
performed best (ROC-AUC 69.81%). Overall, this study demonstrates that most 
pathology-aligned foundation models produced more discriminative tile-level rep-
resentations, resulting in improved downstream MIL classification performance 
compared to non-domain-specific counterparts. 

1 Introduction 

Cardiovascular disease (CVD) is a leading cause of mortality among women and has 
been associated with pregnancy complications such as preeclampsia and fetal growth 
restriction [1]. Maternal vascular malperfusion (MVM), a placental pathology that has 
been associated with these complications, has been identified as a potential indicator for 
screening of long-term cardiovascular risk [2]. Although MVM lesions could be identi-
fied using whole slide images (WSIs) consisting of placental tissue, manual assessment 
is time-consuming, laborious and prone to intra and inter-rater variability [3], highlight-
ing the need for automating the detection of MVM lesions. Pretrained foundation models 
leverage large-scale data to extract transferable features for downstream tasks. The use of
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an attention-based multiple instance learning (MIL) has been proven to be effective for 
classifying histopathological lesions such as MVM [4]. However, the impact of feature 
extractor pretraining regimen, especially with regards to dataset type, scale and model 
capacity, remains misunderstood. The objective of this research study is to provide a 
controlled comparison of CNN and ViT-based foundation models pretrained on natural 
images (e.g., ImageNet), compared to large-scale histopathology datasets used as feature 
extractors for placental MVM classification, using an attention-based MIL framework. 

2 Materials and Methods 

2.1 Dataset 

The dataset used for this study consisted of 540 H&E-stained WSIs, acquired from the 
Children’s Hospital of Eastern Ontario (CHEO). WSIs were scanned at a 20× magnifica-
tion (0.5 µm/pixel) and manually assessed by a perinatal pathologist screening for MVM 
lesions, including multiple MVM related pathological features. Each MVM lesion was 
assigned an integer score reflecting lesion presence (0: absent, 1: present), scores were 
aggregated across each WSI to obtain a cumulative MVM score. WSIs with cumulative 
scores >2 were labeled as MVM+ and WSIs with cumulative scores ≤2, were labeled 
as MVM−. The dataset used in this study consists of 447 MVM− cases representing 
82.7% of the total dataset, and 93 MVM+ cases representing 17.2% of the total dataset 
(Table 1). 

Table 1. Distribution of WSI by MVM Lesion Score 

MVM− MVM+ 

Score 0 2 3 4 5 

#  of
Cases

321 126 72 21 0 

%  of
Score

59.44% 23.33% 13.33% 3.88% 0% 

2.2 Image Preprocessing and Tile Extraction 

WSIs were down sampled from 0.5 µm/pixel to 2.5 µm/pixel. Tissue regions were 
segmented using Otsu thresholding [5] to exclude background, and Macenko stain 
normalization was applied to standardize color appearance prior to tile extraction. 

2.3 Feature Extraction 

Foundational models were used as feature extractors to extract tile-level features, which 
were then input into a fixed attention-based MIL framework for classification. This study 
used two sets of foundational models: 1) CNN (ResNet-18 [6] and ResNet-50 [6]) and
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ViT (ViT-B [7], ViT-L [7], DeiT-III [8]) variants pretrained on a natural image dataset 
(ImageNet), and 2) ViT variants pretrained on pathology-specific datasets (Hibou-B [9], 
Hibou-L [9], Prov-Gigapath [10], and H-Optimus-1 [11]). Pathology-specific models 
were pretrained using self-supervised learning on a large scale histopathology specific 
dataset. For instance, Prov-GigaPath was trained on 171,000 WSIs, resulting in 1.3 billion 
image tiles, while the H-Optimus-1 model was trained on 1 million WSIs across diverse 
tissue types. Additionally, the Hibou models were trained on up to 1.2 billion tiles with 
different histopathology datasets. In contrast, ImageNet-pretrained models were trained 
on natural image datasets, significantly differing from histopathology images in both 
structure and texture. 

2.4 Attention-Based Multiple Instance-Learning (MIL) 

An attention-based multiple instance learning (MIL) framework was employed for WSI 
classification using tile-level representations, similar to [4]. For each WSI, extracted 
tile embeddings were grouped in a labeled bag, and each instance was transformed 
into a lower-dimensional latent representation using fully connected layers with ReLU 
activation and dropout. Attention scores were then computed for each instance and 
normalized via a SoftMax function to obtain attention weights, which were used to 
aggregate tile-level features into bag-level representation. The aggregated representation 
was subsequently passed through a linear classifier to produce final predictions. 

2.5 Training and Evaluation 

Class imbalance was addressed through augmentation of the minority (MVM+) class 
using rotation, horizontal and vertical flipping, and scaling. Models were trained using 
10-fold stratified cross-validation, with an 80/20 train and validation split within each 
fold. Hyperparameters were selected based on validation ROC-AUC, and performance 
was evaluated using pooled predictions across folds. 

3 Results and Discussion 

Table 2 summarizes the overall classification performance metrics on the pooled results, 
illustrating the difference in performance between non-domain specific and domain 
specific foundational models.
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Fig. 1. ROC curves of H-Optimus-1 and Prov-GigaPath models 

Prov-GigaPath features, the MIL classifier achieved higher ROC-AUC, accuracy, 
precision, and specificity, while H-Optimus-1 yielded higher recall and F1-score, indi-
cating complementary strengths between these pathology-specific models. Although the 
Prov-GigaPath achieved the highest pooled ROC-AUC, a paired Wilcoxon signed-rank 
test on fold-level ROC-AUC showed no statistically significant difference between the 
two models (p = 0.062), with ROC curves (Fig. 1) further suggesting comparable per-
formance. Overall, most pathology-aligned foundation models produced more effective 
tile-level representations than ImageNet-pretrained counterparts, supporting the impor-
tance of domain-specific pretraining. Consistent with prior work [12, 13], performance 
differences are influenced by a combination of pretraining domain, dataset scale, and 
model capacity. This is reflected in our results, where larger models (e.g., ResNet-50 
vs. ResNet-18, ViT-L vs. ViT-B) generally outperformed smaller counterparts. How-
ever, Hibou-L underperformed Hibou-B despite having more parameters, indicating that 
increased model capacity alone doesn’t guarantee improved performance. Despite being 
pretrained on large-scale pathology datasets, Hibou-B and Hibou-L consistently under-
performed compared to Prov-GigaPath and H-Optimus-1. One possible explanation is 
the aggressive stain and geometric augmentations used during Hibou pretraining, which 
may suppress subtle color texture and morphological cues relevant to MVM lesions. 
In contrast, Prov-GigaPath and H-Optimus-1 employ more conservative augmentation 
strategies which preserve tissue morphology, potentially producing more discriminative 
features. 

Despite promising results, several limitations should be acknowledged. The dataset 
was acquired a single institution and annotated by a single pathologist, which may 
limit generalizability. Additionally, the dataset is imbalanced, although augmentation 
was applied to the minority class, these transformations may not sufficiently increase 
sample diversity and could introduce redundancy. Furthermore, while models achieved 
reasonable ROC-AUC performance, sensitivity remained low, indicating that a substan-
tial portion of MVM+ cases may be missed, which is a limitation for potential clinical 
screening applications.
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Table 2. Overall Classification Performance Using Pooled Cross-Validation Predictions 

Model ROC-AUC Accuracy Precision Sensitivity 
(Recall) 

Specificity F1-Score 

ResNet-18 57.32% 75.32% 27.32% 18.11% 82.32% 23.21% 

ResNet-50 67.49% 76.85% 20.10% 24.33% 87.97% 21.32% 

ViT-B 64.82% 77.33% 45.83% 34.67% 86.21% 38.12% 

ViT-L 69.81% 79.81% 35.59% 34.11% 89.52% 33.19% 

DeIT-III 61.41% 76.26% 15.32% 10.18% 92.79% 12.01% 

Hibou-B 68.49% 77.89% 48.24% 27.89% 88.44% 32.21% 

Hibou-L 64.21% 80.19% 36.73% 16.12% 92.18% 21.10% 

H-Optimus-1 72.01% 79.44% 39.12% 33.33% 89.03% 35.84% 

Prov-GigaPath 73.32% 81.82% 45.45% 26.88% 93.26% 33.36% 

4 Conclusion 

This study employed an attention-based MIL framework for weakly supervised classi-
fication of MVM in placental WSIs. Pathology-aligned foundation models, particularly 
Prov-GigaPath and H-Optimus-1, produced more discriminative tile-level representa-
tions that ImageNet-pretrained counterparts, highlighting the importance of domain-
specific pretraining, dataset scale, and model capacity for histopathological classifica-
tion. Future work will aim to improve sensitivity and generalizability through different 
data balance strategies such as oversampling of MVM+ bags and class-weighted loss, as 
well as evaluation on multi-institutional datasets. Additional directions include exploring 
alternative weakly supervised frameworks (e.g., CLAM), multi-class severity predictions 
and attention map visualization to enhance interpretability. 

Acknowledgements. We would like to acknowledge that this study was supported CIHR and 
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Abstract. Systematic reviews require extensive manual abstract screening. Large 
language models (LLMs) can automate this, but cloud-based solutions raise pri-
vacy and reproducibility concerns. As a feasibility study, we evaluated a locally 
deployed 20B-parameter LLM (gpt-oss:20b) using sensitivity-enhanced 
prompting across three systematic reviews (16,646 abstracts). After blind expert 
adjudication of all discordant cases, sensitivity was 100% (SR1, 95% CI 89.6– 
100%), 95.7% (SR2, 95% CI 85.8–98.8%), and 85.7% (SR3, 95% CI 76.2–91.8%). 
The LLM identified 11 human screening errors and screened 4.7× faster. Perfor-
mance was strongest for technology-focused topics with objective criteria. We 
recommend deploying LLMs as second screeners alongside human reviewers. 

Keywords: systematic review · large language model · abstract screening · 
artificial intelligence · local deployment 

1 Introduction 

Systematic reviews (SRs) require at least two independent reviewers to screen all 
abstracts, with a third adjudicating disagreements [1, 2]. With search strategies often 
identifying thousands of abstracts, this process is profoundly resource-intensive and 
increasingly unsustainable given the exponential growth of research output [3]. 

LLMs have shown promise for automating SR screening [4–6, 19]. Sanghera et al. 
found LLM ensembles achieved superior sensitivity versus human reviewers across 23 
Cochrane reviews [7, 13]. Performance depends on criteria clarity [8], and multiple 
studies report accuracy at or above 90% [9, 14, 16]. Prompt design is critical: instructing 
models to include uncertain cases can elevate sensitivity from 62% to 95% [10, 15, 17]. 

However, cloud-based APIs raise concerns about data privacy, cost, and reproducibil-
ity [8, 11, 20]. Local deployment of open-source models addresses these barriers [12]. As 
a feasibility study, we evaluate a locally deployed 20B-parameter LLM across three SRs 
using sensitivity-enhanced prompting, with blind expert adjudication of all discordant 
cases.

© The Author(s), under exclusive license to Springer Nature Switzerland AG 2027 
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Table 1. Initial LLM screening performance (before expert adjudication). 

Review n Human Incl. AI Incl. FN FP 

SR1: AI in Ped. Surgery 3,350 31 102 1 72 

SR2: LLMs in EHR 4,326 49 534 5 486 

SR3: Parental Stress 8,970 79 66 14 1 

Total 16,646 159 702 20 559 

Table 2. Final LLM screening performance after expert adjudication. Sensitivity reported with 
Wilson 95% confidence intervals. 

Review Rel. Sens. (95% CI) Spec. FN FP Hum. Err 

SR1: AI in Ped. Surgery 33 100% (89.6–100) 97.9% 0 69 3 

SR2: LLMs in EHR 47 95.7% (85.8–98.8) 88.7% 2 485 4 

SR3: Parental Stress 77 85.7% (76.2–91.8) 99.99% 11 0 4 

Overall 157 91.7% (86.3–95.1) 96.7% 13 554 11 

2 Methods 

We deployed gpt-oss:20b (OpenAI, August 2025) locally via Ollama [12] and 
screened abstracts from three SRs: SR1—AI in pediatric surgical pathology (n = 3,350); 
SR2—LLMs in electronic health records (n = 4,326); SR3—parental stress/caregiver 
burden in surgically treated children (n = 8,970). Total: 16,646 abstracts. 

Each abstract was processed with its title and the SR’s inclusion/exclusion criteria. 
The model returned a JSON object with a binary decision and reasoning. The prompt 
included the instruction: “When in doubt, INCLUDE the abstract for further review,” 
prioritizing sensitivity since false negatives are irreversible whereas false positives pro-
ceed to full-text screening [7, 10]. The full prompt template is available in the code 
repository. 

All discordant cases underwent blind expert adjudication by a senior researcher 
who was unaware which decision came from the LLM or human. Performance metrics 
included sensitivity, specificity, false negatives (FN), false positives (FP), and human 
errors. We report Wilson 95% confidence intervals (CIs) for sensitivity. 

3 Results 

Table 1 shows pre-adjudication results. The LLM had 20 apparent FN and 559 FP. 
Expert adjudication revised these findings substantially (Table 2). In SR1, the single 

apparent FN was adjudicated as a correct exclusion, yielding 100% sensitivity; 3 FPs 
were relevant studies humans had missed. In SR2, 3/5 FNs were correct exclusions (2
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true FN); 1 FP was a correct inclusion. In SR3, 3/14 FNs were correct exclusions (11 true 
FN); the 1 FP was a correct inclusion. Across all reviews, expert adjudication identified 
11 human screening errors that the LLM had correctly classified. 

The 11 SR3 misses were predominantly qualitative or mixed-methods studies in 
which parental stress was reported through subjective narrative descriptors rather than 
named instruments or explicit outcome statements. Several involved chronic or non-
surgical pediatric conditions in which caregiver burden was a secondary theme, making 
relevance contingent on nuanced reading of context rather than keyword cues. This 
pattern is consistent with the lower sensitivity observed for psychosocial outcomes with 
subjective inclusion criteria. 

The LLM screened SR1 in 5.58 h versus 26 h for human reviewers (4.7× faster; 
~6 s/abstract). 

4 Discussion and Conclusion 

The locally deployed LLM achieved high sensitivity for technology-focused SRs (100%, 
95.7%) but lower for psychosocial outcomes (85.7%), consistent with findings that objec-
tive criteria yield better LLM performance [8, 14]. Bidirectional errors—11 human 
misses caught by the LLM, 13 LLM misses caught by humans—demonstrate comple-
mentarity, supporting hybrid workflows over full automation [13, 16]. Expert adjudi-
cation was essential; without it, human decisions would have been treated as ground 
truth, distorting the evaluation. Local deployment via Ollama addressed privacy and 
reproducibility concerns while delivering substantial time savings [18, 19]. 

As a feasibility study, this work has several limitations. Performance was domain-
dependent and outputs were binary without confidence scores. Evaluation was restricted 
to abstract-level screening at a single institution and to a single model family, so prompt 
behavior and absolute performance may not generalize to other open-weights LLMs. We 
did not benchmark against existing screening tools or alternative LLMs; comparative 
evaluation across models and against established tools is needed before claims of broader 
practical guidance can be made. Confidence intervals on sensitivity are wide for SR1 and 
SR2 given the small number of relevant abstracts. The 13 missed studies reinforce the 
necessity of human oversight. We recommend deploying LLMs as second screeners with 
expert adjudication of disagreements. Future work should develop confidence-calibrated 
outputs, conduct cross-model and cross-tool benchmarking, and establish standardized 
evaluation across domains [19, 21]. 

Acknowledgments. Declaration of AI Assistance The author(s) used Claude (Anthropic) for 
assistance with manuscript formatting and for supporting the development of the screening pipeline 
code. After using this technology, the first author reviewed and edited all outputs and takes full 
responsibility for the contents of the manuscript. 

Data and Code Code and full prompt template: https://github.com/PauloHenriqueMelo/System 
atic_Review_Screening_LLM. Data available on request.
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Abstract. Machine-learning models are increasingly applied in preclin-
ical research, yet it remains difficult to interpret how input features influ-
ence predictions. This is especially true for rare diseases with complex 
biological mechanisms and when the analyzed data are high-dimensional. 
Several methods for interpreting the influence of variables in prediction 
models provide only feature-level insights and are limited by insufficient 
integration with broader biomedical knowledge. To address these limita-
tions, we present SHAP-RAG: a framework for contextualized interpre-
tation of preclinical prediction models. The framework augments SHAP-
based feature attribution with complementary contextual information, 
including relationships between influential features, integration of exter-
nal knowledge bases and the scientific literature, and a natural-language 
summary generated by a large language model to synthesize these ele-
ments. We implement the framework in a tool and evaluate it for under-
standing the prediction of adrenal insufficiency in patients with the rare
disease of adrenoleukodystrophy from lipidomic data. Preliminary qual-
itative feedback from clinicians indicates that the framework supports
interpretability with the integration of external knowledge, and gener-
ated summaries contribute to a deeper understanding of model predic-
tions.

Keywords: Explainable AI · preclinical machine learning · rare
diseases

1 Introduction 

Machine-learning (ML) models are increasingly used in biomedical research, but 
interpreting their predictions remains difficult, particularly in high-dimensional
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omics settings [1,10]. In rare diseases, this challenge is amplified by limited sam-
ple sizes and complex biology [8]. Feature-attribution methods such as SHAP [5] 
can identify variables that drive predictions, yet isolated importance scores rarely 
provide enough context for biological interpretation or hypothesis generation [7]. 

We address this gap with SHAP-RAG: a systems-oriented framework for 
contextualized interpretation of rare-disease omics models. We combine feature 
attribution in machine learning models with three kinds of context that experts 
often need in practice: computational context about how features act together 
in the model, biochemical context from curated resources, and scholarly con-
text from prior studies. This systems contribution matters in rare-disease omics 
because experts need more than a ranked feature list: they need a structured 
way to connect model signals to known biology and existing evidence, and to
inspect whether apparently important features form coherent biochemical pat-
terns rather than isolated artifacts. We instantiate the framework for lipidomic
prediction of adrenal insufficiency in adrenoleukodystrophy (ALD) and evaluate
it as a proof of concept through a use case and a qualitative expert assessment.

2 SHAP-RAG  

Inspired by retrieval-augmented generation (RAG) [4], we investigate systems 
for explaining model predictions using natural language grounded in information 
retrieved from reliable sources. The framework takes a trained clinical prediction 
model as its starting point, and its aim is to support clinicians and disease 
experts in constructing an integrated, knowledge-rich view o f the model features
identified as influential for prediction. This is achieved through three stages of
context enrichment detailed next.

Computational Context. We compute instance-level SHAP values and rank fea-
tures by mean absolute SHAP to identify the most influential signals. For a 
selected feature, we then compute Spearman correlations between its SHAP val-
ues and those of the remaining features, highlighting groups of variables whose
contributions co-vary across samples.

Knowledge Context. We enrich influential features with external knowledge. In 
the lipidomics use case, features are mapped to RefMet-style lipid identities, 
after which the framework retriev es biochemical annotations and linked studies
from Metabolomics Workbench [9] and pathway information from KEGG [3]. 
The resulting interface combines ranked features, per-sample SHAP behavior, 
top correlated lipids, biochemical annotations, and retrieved evidence in a single
view.
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Scholarly Context. To complement curated database knowledge, the framework 
retrieves scientific articles that mention the selected features. These references 
provide contextual evidence from prior experimental and clinical studies, indicat-
ing the biological processes, disease contexts, or experimental settings in which
the features have been previously investigated.

In the last step the framework feeds the collected context for each selected 
feature into a large language model (LLM). The prompt instructs the model to 
generate a cautious, structured summary covering: (i) the feature type and likely 
biological role; (ii) how its SHAP importance and SHAP-level correlations relate 
to domain questions; and (iii) how pathways and literature contextualize poten-
tial mechanisms. The LLM synthesizes only the provided information, without 
introducing new hypotheses. The resulting s ummary links model behavior to
plausible biological interpretations in a form accessible to clinicians and disease
experts. The full prompt is provided in the supplementary material, and an open
source implementation of our complete framework is available at https://github. 
com/dfdazac/shaprag. We deploy it as a web-based, user-facing application that 
presents the contextualized information generated at each step of the pipeline.
An excerpt of this interface is shown in Fig. 1. 

Fig. 1. Interface excerpt showing ranked SHAP signals, detailed inspection of a selected 
lipid-fold, correlated lipids, and biochemical context.

3 ALD Use Case and Expert Assessment 

ALD is a rare disorder with disrupted lipid metabolism and clinically relevant
adrenal insufficiency [6]. We apply the framework to an XGBoost model trained

https://github.com/dfdazac/shaprag
https://github.com/dfdazac/shaprag
https://github.com/dfdazac/shaprag
https://github.com/dfdazac/shaprag
https://github.com/dfdazac/shaprag
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for predicting the outcome of adrenal insufficiency, based on lipidomic data from 
prior work on ALD biomarkers [2]. The predictive pipeline uses lipid features and 
age, nested cross-validation, and SHAP export for downstream interpretation; 
in this use case, the final model achieves a 5-fold ROC AUC of 0.78. In the sup-
plementary material, we provide the full model-development details, including
feature selection, tuning, and fold-wise performance.

We conducted a qualitative assessment of the proposed framework by a clini-
cian with experience in the research and treatment of adrenoleukodystrophy. The 
expert emphasized the utility of the framework’s visualization tools in interpret-
ing model predictions for ALD from a clinical perspective. These tools provide 
an intuitive overview of the associations between various lipid species and clin-
ical outcomes, allowing clinicians to quickly grasp which lipid groups are most 
strongly linked to disease progression and model outputs. This “feel” for the data 
is particularly valuable in clinical settings, where understanding the biological
relevance of model predictions is essential. Importantly, the lipid patterns and
pathway associations highlighted by the system were found to be in alignment
with established biological knowledge of ALD and adrenal insufficiency [2]. 

The framework effectively identified very long-chain fatty acid-containing 
lipid species and their associated pathways as being relevant both to the diagnosis 
of ALD and to clinical features such as the development of adrenal failure. This 
concordance with current understanding reinforces the credibility of the model’s 
outputs. However, the expert noted that, at this stage, the framework has not 
revealed novel relationships or insights that would not have been apparent from
standard statistical analyses. While the associations identified are biologically
plausible, the system has yet to provide unexpected findings that could advance
understanding of ALD pathophysiology.

The main limitation is thus the lack of new insights, although the frame-
work is considered promising as a proof of principle. The expert suggested that 
the framework could benefit from the integration of additional datasets, includ-
ing genomics and diverse outcome measures. Such expansion may enable the 
discovery of previously unrecognized links and provide deeper clues into the bio-
chemical pathways underlying ALD. Overall, while the current system is useful
for visualizing and confirming known associations, its potential for generating
novel insights will depend on further development and broader data integration.

4 Discussion and Conclusion 

This work contributes an integrative framework and interactive tool for contextu-
alizing SHAP-based explanations in rare-disease omics. Its main value is practi-
cal: it helps experts move from isolated feature rankings to a structured view that 
combines model behavior, biochemical metadata, literature-linked evidence, and 
optional narrative synthesis. In settings such as r are-disease biomarker research,
this kind of evidence organization can be valuable even when the methodological
novelty lies in integration rather than in a new attribution algorithm.

The current evidence is limited to one disease, one omics modality, one task, 
and one qualitative expert assessment. More broadly, the computational layer of
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the framework is modality-agnostic, but the knowledge layer is domain-specific 
and would require different mappings and databases for transcriptomics, pro-
teomics, or poorly characterized diseases, where external knowledge may be 
sparser and feature normalization may be less straightforward. F ormal evalu-
ation of generalization, usefulness, and LLM reliability remains future work,
together with comparisons against baseline explanation workflows and broader
user studies.
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Abstract. Annotating motivational interviewing (MI) transcripts by 
experts can be a time and resource-intensive task. The use of LLMs 
allows scalable, automated labelling of MI transcripts and can serve as 
an important tool for assessing the quality of intervention. An advantage 
of using LLMs over traditional deep learning models is their ability to 
perform inference without training, using only a few representative exam-
ples. This paper explores multiple LLMs for classifying clients’ utterances 
as change, sustain, or neutral talk. The paper follows the Motivational 
Interviewing Skills Code v1, a coding system developed for motivational 
interviewing to create an instruction set for LLMs. It then evaluates 
various prompting strategies, including zero-shot, few-shot prompting 
and retrieval-augmented generation (RAG). The results highlight the 
significance of selecting few-shots with matching sub-types for successful 
classification. The proposal also highligh ts the need to effectively capture
various contexts, including target behaviour, the counsellor’s speech that
elicits the client’s utterance, and talk sub-types. The work is evaluated
on the publicly available AnnoMI dataset. Results report that the GPT-
OSS-120B with RAG achieves an improvement of 0.20 in the macro F1
score over the state-of-the-art. The results also show that RAG retrieval
is equivalent to that of human experts.

Keywords: LLM · Text Annotation · Motiva tional Interviewing

1 Introduction 

MI focuses on goal-oriented communication between a counsellor and a “client” 
(the person receiving MI) to strengthen the clien t’s motivation and commitment
to change their behaviour [7]. Clients’ speech can be broadly divided into change 
talk, indicating a client’s willingness to change; sustain talk, indicating a client’s 
resistance to change; and neutral talk, which includes responses that are n either
change talk nor sustain talk. Counsellors often use the frequency of change,
sustain and neutral talk to estimate clinical outcomes [12]. 
c The Author(s), under exclusive license to Springer Nature Switzerland AG 2027 
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Recent advancements in deep learning (DL) and natural language process-
ing have enabled the automatic annotation of MI transcripts [13]. The work 
presented in [13] fine-tunes the Bidirectional Encoder Representations from 
Transformers (BERT) model to perform classification of input text sequences as 
change, sustain and neutral talk. Work such as [8] classifies input utterances as 
change talk or non-change talk using a recurrent neural network (RNN) trained 
on private datasets. While others focus on estimating therapist empathy using
DL models such as an RNN [3]. Advancements in the use of DL models for 
detecting change, sustain, and neutral talk have been limited primarily by a lack
of training data. To our best knowledge, the Anno-MI [14] is the only publicly 
available dataset containing labelled MI transcripts.

This paper explores the use of large language models (LLMs) to classify client 
utterances in MI as change, sustain, or neutral using prompts. Its contribution 
includes: Comparing LLMs, such as QwQ 32B, GPT OSS 120B, Gemini 2.0 
Flash and Gemma 3 27B to assess their ability to detect change, sustain and 
neutral talk; Investigating the influence of adding the councillor’s speech as addi-
tional context for the LLM; Investigating the influence of prompting strategies 
such as zero-shot, few-shot and retrieval a ugmented generation (RAG) on the
performance of the LLMs; Investigating the ability of RAG to retrieve relevant
few-shot examples, with matching subtypes for the LLM. The paper reports
its results by evaluating the proposal on the Anno-MI [14] dataset. The results 
motivate the use of LLMs for annotating the language of change in MI.

2 Proposal 

The proposal assigns the LLM a persona of an MI expert and provides it with an 
instruction set encoding the Motivational Interviewing Skills Code (MISC) v1
[6] for a target behaviour. For every query, the prompt [11] first restates explicit 
definitions of change talk, sustain talk, and neutral talk in terms of movement 
toward or away from the target behaviour, and then presents the current client 
utterance. The LLM is instructed to output exactly one label: change, sustain, 
or neutral. This zero-shot prompting strategy uses only these definitions and the
current conversation snippet, without any labelled examples, and relies on the
LLM’s knowledge to assign the label.

Classifying client utterances in MI requires understanding and associating 
these utterances with the defined target behaviour, such as reducing consump-
tion of psychoactive substances. Change talk can occur through problem recog-
nition, expressing feelings of concern, expressing the desire or intent to change, 
or expressing optimism about the possibility of change, which are its sub-types. 
Sustain talk represents client responses that favour maintaining the status quo 
for the identified target behaviour. Its subtypes include arguing with the ther-
apist, interrupting the therapist, denying responsibility, ignoring the therapist’s
direction, and changing the subject. A client’s utterance not associated with the
target behaviour is neutral talk. Expert human annotators traditionally label by
meticulously reviewing session transcripts. There is a high degree of subjectivity
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in the tasks, which require experts to review utterances in the context of the 
target behaviour and the counsellor’s speech that induced it, making the tasks 
challenging. The proposal next considers the few-shot prompting to incorporate 
the context of the target behaviour and the counsellor’s speech in the client’s 
utterances. It includes examples of the client’s utterances and the counsellor’s 
speech pair, along with the corresponding label and the target behaviour in the 
prompt. The LLM uses these examples to understand the association of the 
utterances between the target behaviour and the counsellor’s speech to improve 
its response. To further improve the LLM’s performance, the proposal suggests 
selecting examples with a match subtype. This task can be performed using 
human experts. To automate this task, the prop osal uses retrieval augmented
generation (RAG). RAG retrieves few-shot examples with matching subtypes
using cosine similarity between the client’s speech embedding and the embed-
dings of examples in an external knowledge base, which contain labelled utter-
ances, the corresponding counsellor’s speech and the relevant target behaviour.
The embeddings are generated using the Gemini-embedding-001 [5]. It is a multi-
lingual text embedding model that maps input text to a 3072-dimensional vector. 
The proposal retrieves the labelled utterances and the counsellor’s speech pairs
with the highest similarity scores as the few-shot examples for the LLM.

The proposal considers Gemini 2.0 Flash [4] and Gemma 3 27B [2], which 
focus on a broad number of generative tasks, such as comprehension and sum-
marisation. Being trained on large, diverse text corpora, they are capable of 
processing natural language effectively. They, however, struggle with complex, 
multi-step logical reasoning, required for the client utterance classification. To
ensure accurate association with the target behaviour, the counsellor’s speech
and subtype, the paper also considers LLMs such as QwQ 32B [10]  and  GP  T
OSS [9]. It generates a chain of thought, which is an explicit, step-by-step break-
down of the complex problem. It allows these LLMs to possess critical analysis
and complex decision-making capabilities. Their prompts are available in [11]. 

3 Evaluation 

The proposal is evaluated on the Anno-MI [14] dataset. It contains 133 MI 
demonstration transcripts. Each transcript is associated with a target behaviour. 
The transcripts are split into the client’s utterances and the counsellor’s (thera-
pist’s) speech, with the client’s utterances labelled as change, sustain, or neutral. 
The splitting of transcripts results in 6725 labelled individual u tterances, with
4217 labelled as neutral, 1668 as change, and 840 as sustain. The evaluations are
performed according to the experimental setup described in [14], which involves 
5-fold cross-validation. Since the proposal doesn’t involve training any mod-
els, the training folds are used to select the few-shot examples and create the 
external knowledge base for the RAG. The temperature is set to 0 for all LLM
models, with the remaining hyperparameters set to their default values. Results
are reported in Table 1 in terms of macro-F1 score. The class imbalance in the 
dataset motivates selecting the macro F1 score for evaluation.
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Table 1. F1 scores of the proposal with respect to different LLMs and prompts.

Prompting 
strategy 

QwQ 32B F1 score GPT-OSS-120B F1 score Gemma 3 27B IT F1 score Gemini 2.0 Flash F1 score

Change Neutral Sustain Macro Change Neutral Sustain Macro Change Neutral Sustain Macro Change Neutral Sustain Macro 
Zero-shot 
(without 
counsellor 
sp eech)

0.64 0.79 0.59 0.67 0.63 0.81 0.58 0.67 0.61 0.74 0.58 0.64 0.60 0.79 0.64 0.68 

Zero-shot 0.57 0.79 0.64 0.67 0.65 0.81 0.66 0.71 0.65 0.76 0.62 0.68 0.62 0.81 0.66 0.69 
Few-
shot(random) 

0.47 0.80 0.57 0.61 0.48 0.82 0.57 0.62 0.49 0.79 0.54 0.61 0.58 0.78 0.59 0.65 

Few-shot(using 
human e xperts)

0.48 0.79 0.55 0.61 0.52 0.81 0.58 0.64 0.57 0.77 0.62 0.65 0.58 0.79 0.60 0.66 

RAG(Proposed)0.59 0.80 0.64 0.68 0.70 0.83 0.71 0.75 0.65 0.81 0.61 0.69 0.61 0.79 0.61 0.67 

The results in Table 1 indicate that when using only the client’s utterance for 
classification, the macro F1 remains between 0.64 and 0.68 across the considered 
LLMs. Including the counsellor’s speech as the cause for the client’s utterance 
slightly improves the LLMs’ performance. This minor gain indicates that simply 
appending the counsellor’s speech is insufficient for LLMs to classify the client’s 
behaviour. A significant improvement in performance is reported across all LLMs 
when prompted with few-shot examples. When three examples per class are ran-
domly sampled from the training set, they allow the LLMs to form associations 
between the target behaviour, the client’s utterances and the counsellor’s speech. 
However, randomly selecting examples can lead to a mismatch between subtypes. 
To validate this claim, a second few-shot prompt is used, in which a human expert
handpicks the examples for the classification task, ensuring the subtype matches
the client’s utterance. The prompt improved the macro F1 score of QwQ 32B to
0.68, GPT-OSS-120B to 0.67, Gemma 3 27B IT to 0.65 and Gemini 2.0 Flash to
0.66. To automate the example selection process, the proposal uses RAG, result-
ing in the final macro F1 scores reported in Table 1, with QwQ 32B achieving 
a macro F1 of 0.68, GPT-OSS-120B 0.75, Gemma 3 27B IT 0.69 and Gemini 
2.0 Flash 0.67. For GPT-OSS-120B, this corresponds to an improvement of 0.07 
over the human expert-selected few-shot. In the case of Gemini 2.0 Flash, the 
expert selected few-shot and RAG have similar performance with a macro F1 
of 0.66 and 0.67, respectively. The experts were tasked to retrieve the few-shot 
based o n individual utterances. They expressed low confidence in matching the
subtype without the conversation history. Thus, expert-selected few-shot had
higher recall for neutral talk. The proposed RAG has better recall for change
and sustain talk -see Table 1. Thus, it can be concluded that the RAG is bet-
ter equipped to retrieve few-shot with matching subtype for c hange and sustain
talk, which is more significant for MI applications.

The results in Table 1 also show inconsistent performance across all LLMs, 
with Gemma 3 27B having the worst macro F1 score of 0.69 with RAG. It can 
be attributed to the fact that Gemma 3 27B is an open-source model designed 
to run efficiently on various resource-constrained devices. It trades accuracy for
efficiency, customisation, and local deployment. In contrast, GPT-OSS-120B is a
high-capacity proprietary model that benefits most from RAG, reaching a macro
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F1 of 0.75. Gemini 2.0 Flash and QwQ 32B fall between these t wo LLMs. The
results reported in Table 1 are, however, significantly better than the state-of-
the-art BERT model, presented in [1,14], which obtains F1 scores of 0.51, 0.74, 
and 0.39 for change, neutral, and sustain talk, respectively, and a macro F1 
of 0.55. The fine-tuning forces the BERT model to focus on the overrepresented 
neutral talk in the unbalanced AnnoMI dataset. In contrast, the proposal reports
a more balanced result across the three classes. To obtain equivalent results, the
work in [1] uses a multimodal model operating on text, audio, and faces.

4 Conclusions 

This paper explores the use of LLMs for annotating MI transcripts. The LLM 
models classify a client’s utterance as change, sustain, or neutral talk. It achieves 
this by associating the client’s utterance with the target behaviour using the 
instruction set. It then uses RAG to select examples that are similar to the 
client’s utterance with respect to its subtype. The result is an LLM capable of 
automatically annotating MI transcripts, achieving a macro F1 score of 0.75 on 
the Anno-MI dataset. While the results are promising, they indicate that the
LLM struggles to match the subtype given the limited context of an individual
client’s utterance. Thus, future work will focus on explicitly building subtype
context for LLMs using conversational history.
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Abstract. Foundation Models (FMs) are emerging as promising tools in health-
care thanks to their ability to anticipate signal trends and provide early indications 
useful for clinical evaluation and decision support. In this study, FMs were used for 
short-term forecasting of inertial signals acquired during walking, adopting a mul-
tivariate approach on the triaxial accelerometer components. FMs (Moirai, Lag-
Llama, Chronos) were used in both zero-shot (ZS) and fine-tuning (FT) modes, 
comparing their performances with baselines of widely used traditional Machine 
Learning (ML) models (XGBoost, LSTM, DeepAR). The results show that FMs 
effectively capture the dynamics of walking inertial signals and, especially after 
FT, offer competitive performance compared to baselines, with greater stability 
over longer horizons. The use of FMs for short-term predictions in gait analysis 
may open the way for their integration into multidisciplinary rehabilitation con-
texts thanks to the ability to forecast gait anomalies that might be useful to assess 
patient condition. 

Keywords: Foundation Model · Time Series · Gait Analysis · Wearable Device 

1 Introduction 

Walking is a fundamental human activity requiring coordinated control of the muscu-
loskeletal and nervous systems. In clinical contexts, gait analysis is essential for mon-
itoring disorders that affect ambulation, such as Parkinson’s disease or trauma related 
impairments; the use of wearable devices in gait analysis allows real-time acquisition 
of inertial signals, which can be processed to extract spatial and temporal parameters 
including: Gait Cycle Time (GCT) which is the time between two consecutive steps 
of the same foot; stance which is time of foot contact during gait cycle; swing which 
is the time foot-off contact during gait [1]. Artificial Intelligence (AI) can be used to 
process these signals, enabling short term forecasting to detect variations and poten-
tial anomalies, thereby supporting clinicians during rehabilitation monitoring. In this
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context, Foundation Models (FMs) are particularly promising, as they offer strong gen-
eralisation capabilities even with limited domain specific data and can model temporal 
dynamics by generating plausible short horizon trajectories [2]. The aim of this study 
is to evaluate the feasibility of using FMs for short term prediction of accelerometric 
gait signals from which it is possible to capture walking dynamics in order to provide 
clinical insight such as gait abnormalities and risk of fall. 

2 Materials and Methods 

In this study, walking sessions were recorded using an e-textile sock: “Sensoria Smart 
Socks” by Sensoria Health (Redmond, WA, USA). The device is connected to an acqui-
sition unit that integrates an inertial measurement unit (IMU) for triaxial signals (i.e., 
corresponding to x-axis, y-axis and z-axis) collection with a sampling rate frequency 
of 50 Hz; signals are measured in g (1 g = 9,8 m/s^2). Eight participants without gait 
impairments were recruited; each wore the sock on the left foot and walked 10 m along 
straight path, repeating the trial three times. In Fig. 1 the wearable device used in this 
study. 

Fig. 1. The sensorised sock worn. The blue circle highlights the core. The red arrows illustrate 
the triaxial acceleration components. The x-axis and z-axis correspond to the base plane, while 
the y-axis indicates the orthogonal component. 

2.1 Foundation Models 

The FMs considered in this study were Chronos, Lag-Llama, and Moirai. Chronos is 
introduced as a family of general-purpose models for multi-domain forecasting, designed 
to simplify modelling pipelines and deliver ready-to-use predictions even on previously 
unseen data [3]. Lag-Llama is an open-source initiative that emphasises generalisation 
to novel contexts by employing a lightweight and easily adaptable configuration, built 
upon a pre-trained base derived from diverse collections of time series [4]. Moirai is 
developed to operate across heterogeneous scenarios and sampling frequencies using 
a unified framework, favouring immediate generalisation while enabling refinement 
through lightweight fine-tuning (FT) [5]. All FMs rely on large-scale pre-training on
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broad and heterogeneous datasets, with the aim of achieving strong performance in 
zero shot (ZS) mode. Additionally, they are designed to support rapid performance 
improvements when FT is applied where necessary. 

2.2 Baseline Models 

The Machine Learning (ML) models considered as baselines in this work were: eXtreme 
Gradient Boosting (XGB), Long Short-Term Memory (LSTM) and DeepAR. XGB con-
sists of a tree-based gradient boosting framework that flexibly models nonlinear relation-
ships and variable interactions, often yielding competitive performance across bench-
marking tasks [6]. LSTM consists of a recurrent neural network designed to capture 
long-term dependencies, thereby mitigating the gradient problems typical of training 
over extended time horizons. It is a popular choice for sequential tasks, such as those 
involving physiological or sensory signals [7]. Finally, DeepAR consists of a proba-
bilistic forecasting approach based on recurrent autoregressive networks trained jointly 
across sets of related series; it produces predictive distributions on the future [8]. 

2.3 Evaluation Approach 

FMs were evaluated both in ZS and FT mode, following the operational guidelines 
provided by each developer. ML models were assessed using 10 - fold cross-validation 
with a randomised hyperparameter search (20 configurations per fold). Sessions were 
grouped by subject, applying an 80%/20% split to ensure a strict separation between 
training and test sets and to prevent any form of data leakage. Forecasts were evaluated 
at 2 s and 4 s horizons. To characterise the information content of each component 
during the step, a multivariate approach was adopted to jointly predict the three axial 
acceleration components. This allowed estimation of the regression performance on each 
axis and facilitated comparison across models. Model performance was quantified using 
Mean Absolute Error (MAE), to express the average error on the measurement scale; 
Root Mean Squared Error (RMSE), to penalise larger prediction errors; and Coefficient 
of Variation (CV), to evaluate the relative deviation from each subject’s reference signal. 
The data preparation, model execution, and statistical analysis were conducted in Python 
(v. 3.13). 

3 Results 

Figure 2 shows the forecasting performance across the three inertial axes for the two 
prediction horizons. Chronos FT consistently emerges as the most accurate and robust 
model, significantly outperforming traditional baselines and the other FMs. The bar plots 
highlight two key findings. First, Chronos FT drastically reduces both absolute errors and 
inter-subject variability. As visually supported by the lower CV above the bars, the FT 
version maintains high stability and reliability even when the time horizon is extended 
to 4 s. Second, while most baselines and ZS models suffer a performance degradation 
on the y-axis, Chronos FT successfully mitigates this complexity, ensuring consistently 
low errors across all axes. Finally, Lag Llama performs worst among the FMs.
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Fig. 2. Barplots of the forecast horizon for 2 s x-axis (a), y-axis (b), z-axis (c) and 4 s x-axis (d), 
y-axis (e) and z-axis (f). 

4 Conclusions 

This study demonstrates the feasibility of applying FMs to short-horizon forecasting 
of triaxial inertial signals acquired during walking, supporting their potential role in 
gait analysis and rehabilitation-oriented monitoring. Across both prediction horizons, 
Chronos FT emerges as the most accurate and consistent model overall, providing the 
lowest errors across axes and maintaining stable performance when moving from 2 s 
to 4 s. When considering axis-specific behaviour, the y-axis tends to show higher aver-
age prediction errors when results are aggregated across models, suggesting that this 
component can be comparatively more challenging to forecast. A plausible explana-
tion is related to the sensor reference frame and placement, as the axis aligned with 
the lower-limb profile may combine gravitational and stabilisation components, intro-
ducing greater variability compared with the other axes acting mainly on the support 
plane [9, 10]. Future work should involve validation on larger and more heterogeneous 
populations, as well as the assessment of broader prediction horizons and clinically ori-
ented endpoints, to better characterise the practical utility of these models in forecasting 
deviations from gait baselines and supporting rehabilitation. 
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Abstract. Counterfactual inference enables clinicians to ask “what if” 
questions about patient outcomes, but standard methods assume fea-
ture independence and simultaneous modifiability, which could violate 
the assumptions of longitudinal clinical data. We introduce the Sequen-
tial Counterfactual Framework, which respects temporal dependen-
cies in electronic health records by distinguishing immutable features 
(chronic diagnoses) from controllable features (lab values) and modeling 
how interventions propagate through time. Applied to 2,723 COVID-19 
patients (383 Long COVID heart failure cases, 2,340 matched controls), 
we demonstrate that 38–67% of patients with chronic conditions would 
require biologically impossible counterfactuals under naive methods. We 
identify a cardiorenal cascade (CKD .→ AKI .→ HF) with relative risks 
of 2.27 and 1.19 at each step, illustrating temporal propagation that 
sequential but not naive counterfactuals can capture. Our framework 
transforms counterfactual explanation from “what if this feature were dif-
ferent?” to “what if we had intervened earlier, and how would that prop-
agate forward?”, yielding clinically actionable insights grounded in bio-
logical plausibility. Code is available at https://github.com/clai-group/ 
sequential_counterfactual_inference.git. 

Keywords: Counterfactual inference · Temporal EHR · Long 
COVID · Explainable AI · Clinical decision support

1 Introduction 

Counterfactual reasoning is central to clinical decision-making. When adverse 
outcomes occur, clinicians ask what might have happened under different circum-
stances, such as earlier treatment or better-cont rolled comorbidities. Machine
learning enables this at scale: given a predictive model . f , counterfactual expla-
nation methods identify minimal feature changes that would alter the predicted
outcome [1,9]. For example, lowering HbA1c from 8.2% to 6.5% might reduce 
predicted heart failure risk from 73% to 41%, turning abstract risk scores into
actionable targets.
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Standard methods, however, treat features as independent and s imultane-
ously modifiable [2,3,11]. Clinical data are inherently temporal : a diagnosis in 
one year influences laboratory values and complications in subsequent years. This 
mismatch creates the Time Traveler Dilemma: models may generate biologi-
cally implausible counterfactuals such as “remove diabetes to reduce heart failure 
risk,” ignoring that chronic diseases persist and carry downstream consequences.
Empirically, we find that 57% of patients in our cohort would require at least one
implausible change under naïve methods.

We propose the Sequential Counterfactual Framework to address these 
limitations, integrating (i) a feature taxonomy distinguishing immutable, con-
trollable, and intervention features; (ii) a temporal dependency graph encoding 
how conditions p ropagate over time; and (iii) plausibility constraints that any
generated counterfactual must satisfy.

2 Background 

Counterfactual explanations identify minimal changes to an input that 
would alter a model’s prediction, providing recourse-oriented interpretabil-
ity [1,9,10]. Formally, given a classifier .f : X → {0, 1} and input . x with .f(x) = 1, 
a counterfactual seeks .x with .f(x ) = 0 minimizing .λ(f(x )− y )2+d(x,x ) [1]. 
Most methods implicitly assume features are independently and simultaneously 
modifiable. This assumption is problematic in clinical data, where variables are 
temporally ordered, biologically constrained, and interdependent; cross-sectional 
feature representations can yield implausible scenarios such as reversing chronic 
diagnoses or altering downstream consequences without upstream causes. Tem-
poral models for EHRs, including recurrent and transformer-based architec-
tures [5,6], encode time-dependent structure. Frameworks such as TLDR [7,8] 
partition observations relative to an index event to distinguish antecedent con-
ditions from downstream manifestations. However, these temporal representa-
tions have not been incorporated into counterfactual generation. We address 
this gap by integrating temporal structure and biological plausibility constraints
into counterfactual inference for longitudinal clinical data.

3 Methods 

We applied the framework to patients from a large academic medical cen-
ter with documented COVID-19 infection. Cases were patients who developed
heart failure (ICD-10: I50.x) within 365 days, attributed to Long COVID [13]; 
controls were matched patients who recovered without Long COVID compli-
cations. Patient trajectories were structured using the TLDR temporal learn-
ing framework [7], implemented via the MLHO package in R, which partitions 
observations into three periods relative to the index infection: History (pre-
infection), Past (between first and last infection), and Last (post-infection,
before outcome). Across periods, 223 clinical concepts were extracted, including
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diagnoses (ICD-10), medications (RxNorm/VA class), and laboratory abnormal-
ities (LOINC with _H/_L/_A suffixes indicating high/low/abnormal values), 
yielding binary feature vectors for each concept–period combination. A gradient 
boosting machine (GBM; MLHO package, 5-fold cross-validation) was trained on
concatenated temporal features to predict Long COVID-associated heart failure,
achieving AUROC 0.88 (95% CI: 0.84–0.91).

Feature Taxonomy. Features are partitioned into three disjoint classes:
Immutable (. I): chronic diagnoses that cannot be counterfactually reversed 
once present (e.g., E11 diabetes, I10 hyp ertension, N18 CKD, I50 heart fail-
ure). Controllable (. C): acute events and lab abnormalities that can change 
in response to intervention (e.g., Glucose_H, Creatinine_H, N17 AKI). Inter-
vention (. R): actionable treatments (e.g., Lisinopril, Insulin, Metoprolol, loop
diuretics).

Temporal Dependency Graph. A directed graph .G = (V,E) encodes feature– 
timepoint dependencies. An edge .(i, t) → (j, t ) is included i f . P (xt

j = 1 | xt
i =

1) /P (xt
j = 1 | xt

i = 0) > γ = 2.0. Key dependency types are: persistence
(.dxi,h → dxi,l), medication. →lab, lab. →diagnosis, and diagnosis. →complication 
cascades. 

Plausibility Constraints. A counterfactual .τ = (h , s , l ) is plausible if it sat-
isfies: (P1) Immutability: if .xt

i = 1 for .i ∈ I,  then .xt
i = 1 for a ll .t ≥ t; 

(P2) Temporal Coherence: any change to a feature . i requires a directed 
path in . G from some intervention .j ∈ R at an earlier time; (P3) Conditional
Plausibility: .P (l | h , s , interventions) estimated from the empirical dis-
tribution. Sequential counterfactuals are generated b y applying an intervention
. r at History and propagating its effects forward through . G via learned condi-
tional distributions, then enforcing P1–P3. A naïve counterfactual bypasses this
propagation and directly modifies Last features.

4 Results 

The cohort comprised 2,723 patients: 383 (14.1%) Long COVID heart fail-
ure cases and 2,340 (85.9%) matched controls. Median time from infection to
heart failure was 109 days (IQR: 67–156).
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Temporal Persistence of Chronic Conditions. Chronic conditions in History 
persist to Last at dramatically higher rates t han new-onset diagnoses: diabetes,
.P (E11l = 1 | E11h = 1) = 0.673 vs. .0.050 (.13.5×); hypertension, .0.520 vs. . 0.091
(.5.7×); CKD, .0.379 vs. .0.030 (.12.6×). These 6–14.× persistence ratios are the 
empirical basis f or P1 constraints.

Plausibility Violation Analysis. Table 1 quantifies naïve counterfactual viola-
tions. P1 violations (immutability) were dominant, a ffecting 54.4% of patients
(.n = 1,481): 95.6% of patients with hypertension in Last had it in History, 
96.0% for diabetes, and 87.6% for CKD. P2 violations (temporal coherence)
affected 12.0% (.n = 328): among patients with elevated glucose in Last, 60.7% 
had no insulin in History; among patients with post-COVID AKI, 66.8% had 
no ACE inhibitor in History. Combined, 57.3% of patients (.n = 1,561)  would  
require at least one implausible counterfactual under naïve methods. The 4.5:1 
ratio of P1 to P2 violations indicates that c hronic disease persistence, not missing
intervention pathways, is the primary barrier.

Table 1. Naïve counterfactual plausibility violations. 

Violation type .n % 

Patient-level (at least one feature a ffected)
P1: Immutability (chronic dx persists) 1,481 54.4 
P2: Temporal coherence (no intervention path) 328 12.0 
Any violation 1,561 57.3 
Feature-level P1 (diagnosis persistence, History .→ Last) 
Hypertension (I10) 1,120/1,172 95.6 
Type 2 Diabetes (E11) 834/869 96.0 
CKD (N18) 346/395 87.6 
Feature-level P2 (missing intervention pathway)
Elevated glucose, no insulin in History 202/333 60.7 
Post-COVID AKI, no ACE inhibitor in History 155/232 66.8 

Cardiorenal Cascade. Among patients without prior AKI, . P (AKIl = 1 |
CKDh = 1) = 0.068 vs. .0.030 (RR=2.27); among all patients, . P (HF | AKIl =
1) = 0.164 vs. .0.138 (RR=1.19), yielding: .CKDh

RR=2.27−−−−−−→ AKIl
RR=1.19−−−−−−→ HF.  A  

naïve counterfactual proposing “remove AKI_last” ignores this upstream cause. 
Sequential counterfactuals instead propose renoprotective intervention at His-
tory (e.g., ACE inhibitor) and propagate its downstream effect on AKI risk
and ultimately heart failure.
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Confounding by Indication. Among diabetic patients, insulin-treated patients 
had worse glucose control (.P (Glucose_Hl = 1) = 0.193 vs. .0.139 without 
insulin), reflecting that insulin is prescribed to sicker patients (CKD: 51.6% 
vs. 22.9%; prior HF: 61.8% vs. 35.7%). This illustrates why medication counter-
factuals require mo deling the confounding structure: a naïve change to insulin
status would mislead without this context.

5 Discussion and Conclusion 

We introduced the Sequential Counterfactual Framework for longitudinal clini-
cal data. Its core contribution is not a new optimization method but a principled 
set of constraints (immutability, temporal coherence, and conditional plausibil-
ity) that any counterfactual must satisfy to be clinically actionable. The car-
diorenal cascade illustrates how the framework shifts the clinical question from
“what feature should be different?” to “when and how should we intervene, and
what propagates forward?”, aligning XAI with actual clinical reasoning [12]. 

Limitations. Results are based on single-center observational data; generaliz-
ability across institutions remains to be validated. The current evaluation is pri-
marily descriptive (violation rates, conditional RRs) rather than a direct empir-
ical comparison against existing counterfactual baselines such as DiCE or FACE
[4], a limitation we plan to address in future work through head-to-head plausi-
bility and predictive-shift metrics. The d ependency graph encodes associations,
not established causal relationships [14]; a validated causal graph could replace 
it without changing the constraint machinery. Additional limitations include 
binary feature represen tations, laboratory missingness ambiguity, and potential
unmeasured confounders.

Conclusion. Standard counterfactual methods affect 57% of patients in our 
Long COVID cohort with biologically impossible or temporally incoherent sce-
narios. The Sequential Counterfactual Framework resolves this by grounding 
coun terfactual inference in the temporal structure of clinical data, producing
explanations that are both plausible and actionable.
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Abstract. In medical domains, precision medicine highlights the importance of
diagnostic, prognostic, and therapeutic choices tailored to each patient, based on
the multimodal data available. In particular, so-called confounding factors such as
demographic and socio-economic factors affect the outcome, so that their inclusion
in a predictive model is of paramount importance. In precision oncology, genetic
data play a key role, along with confounding factors, so that large amounts of such
data is available to researchers to help decipher the association between multifac-
torial variables and diagnosis, prognosis, and therapy. This project demonstrates
that a case-based approach can be advantageous in the handling of confounding
factors and in explainability, not to mention model efficiency. The effectiveness of
the case-based approach is demonstrated on both diagnostic and prognostic tasks
in comparison with state-of-the-art statistical and machine learning models while
affording precise user explanations at the case level.

Keywords: Case-based Reasoning · Survival Analysis · Precision Medicine

1 Introduction

To improve cancer diagnosis, risk stratification, and therapeutics, this article presents a
case-based reasoning (CBR), diagnostic and prognosticMLmodel in oncology, O-CBR,
proposing user explanations at the case level. This research affords:

1) Multitask modeling: the CBR system provides decision support recommendations
in several tasks, including diagnosis and risk stratification, through classification and
survival analysis models.

2) Multidimensional data modeling: the CBR system analyzes data from different
types and dimensions, including demographic and socioeconomic data, and several
types of genetic data (transcriptomic and epigenetic).

3) Effective and efficient modeling: the CBR system is at least as effective as state-
of-the-art ML models used in this domain, including statistical models.

4) Explainability: the CBR system provides case-level explanations to users by design,
through the discovery of genetic biomarkers, motifs and biological pathways.

© The Author(s), under exclusive license to Springer Nature Switzerland AG 2027
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2 Background

O-CBR combines the rich experience of CBR systems in medicine, enhanced with
survival analysis, multitask capabilities, and explainability by design [1].

Case-Based Reasoning. Is a machine learning methodology related to analogical rea-
soning and cognitive modeling, with many applications in medical decision-making [2,
3]. CBR proceeds by first selecting the case(s) that is/are the most similar to the new
problem (retrieval step) and by adapting it/them, taking into account the differences
between the retrieved case(s) and the new problem (reuse/adaptation step).

Survival Analysis. Survival analysis is a well-known task aiming at predicting how
likely an event is to happen over time. Major developments that contributed to this field
are the Kaplan-Meier survival curve [4] and the Cox Proportional Hazard model [5].

Explainable AI. In medical domains, human-competitive interpretability has been
shown to be crucial for the adoption of clinical decision support systems [6, 7]. Instead
of after the fact explanation methods [8], XAI researchers stress the importance of ML
models that are interpretable by design [9]. Recent user studies have demonstrated that
showing a retrieved case to users is the most important factor affecting users’ confidence
in observed levels of goodness, convincingness, and trust (“Cases are king” [10]) and
encourage the exploration of example-based explanations for XAI [11].

Fig. 1. O-CBR architecture.

3 Methods

Figure 1 show the system architecture Due to the high-dimensionality of the cases, up
to 485,000 features for DNA methylation, feature selection was applied in each task.
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3.1 Diagnosis

Feature Selection. The feature selection process can be described as a multiscale and
biologically significant reduction. After batch effects removal, differentially methylated
regions (DMR) were selected, and features further reduced [12, 13].

Retrieval. The retrieval process can be described as a two-stage retrieval tailored to
each sample as an optimal number of similar cases is retrieved for each test case, using
a confidence metric. During the two-stage process, memorized cases are retrieved by
first finding cases with similar confounding factors. Then, the pool of retrieved cases is
further refined using a Euclidean distance matrix from the other features.

3.2 Risk Prediction

If diagnosis is the first step in caring for a cancer patient, personalized therapy takes
closely the severity risk under advisement.

Feature Selection. The feature selection process starts in the samemanner as described
in 3.1, as amultiscale and biologically significant reduction. To locate a subset of features
highly specific to the overall survival of the cancer samples, multivariate Cox regression
was applied to determine a prognostic score for each feature.

Retrieval. To establish prognostic groups for survival, a multivariate Cox regression
was constructed using each DNA methylation feature as a covariate in order to test for
each probe’s contribution to survival. To find risk groups, the beta coefficient BetaCoeff
for each feature j, among n, was multiplied by the DNA methylation β valueMethylBe-
taValue and these values were then summed together to find a single prognostic score
for each sample (see Eq. 1). Samples were ranked by their prognostic scores and divided
into equal-sized low, medium and high risk groups.

PrognosticScore = n

j=1
(BetaCoeff ∗ MethylBetaValue) (1)

A case-based retrieval framework was designed to automatically determine the
appropriate number of retrieved cases for each test case, through a confidence met-
ric. To better adjust for both the contribution of the prototypes and the potential power
of each memorized case c at forming a solution for an unsolved case, we derived Eq. 2.

Confidence(c) = 1/2dist(c,P) + d(c,m1) + · · · + d(c,mk)

k
(2)

The confidence metric is one half of the distance d from case c to its prototype P,
added to the average distance of case c to eachmemorized casem. The predicted survival
time for a test case would then be the mean survival time of each retrieved case.

Adaptation. Once caseswere retrieved and their average survival durationwas assigned
to the test case, a case adaptation phase was attempted. Case adaptation is the ability to
morph training cases to reflect a test case more closely. The distance between a retrieved
and a test case was added or subtracted to the retrieved case survival.
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Explanations. In a CBR system, explanations may take several forms. The first form
is to show the retrieved cases, with commonalities and differences with the test case. We
also map genetic regions into pathways through gene set enrichment to display the main
pathways involved in the commonalities and differences with the test case.

4 Results

The system’s effectivenesswas experimentally tested onmethylation data for the classifi-
cation task and onmultimodalmethylation and transcriptomic data for the risk prediction
task. The preferred performancemetric for classification is theF1 score, particularly val-
ued in binary classification where one class, the presence of disease, is more important.
The preferred metric for survival analysis is the concordance index. For both metrics,
higher values represent better performance, 1 being perfect performance.

4.1 Datasets

Classification Task. Breast cancer data was downloaded from The Cancer Genome
Atlas (TCGA). After data preprocessing, 782 cancer samples, 96 normal samples and
364,464 DNA methylation probes were used, then reduced to 8,772 features.

Survival Analysis Task. The performance of the proposed method of survival analysis
was studied on four cancer DNAmethylation and gene expression datasets. We selected
breast cancer (BRCA), Glioma cohort cancer (GBMLGG) and Pan-kidney cohort cancer
(KIPAN) from TCGA (see Table 1).

Table 1. Gene and clinical characteristics in three cancer types.

Characteristics BRCA BRCA GBMLGG KIPAN

Genetic data type
Patient no.

Gene
Expression
761

DNA
Methylation
763

DNA
Methylation
650

DNA
Methylation
654

Gene no. 1,151 8,725 20,116 20,533

Selected features 23 70 586 749

Survival status
Living

512 514 434 500

Deceased 249 249 216 154

Follow up (days) 1–1234 1–1234 1–481 3–5925
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4.2 Experimental Results

Classification Task. O-CBR performance was determined with and without feature
selection using 10-fold cross validation and compared with k NN using 1/d as dis-
tance weight and an optimal k of 10; Random Forest with 500 iterations; Support Vec-
tor Machine; and Naive Bayes. All results indicate that integrating clinical covariates
improves performance. The two-stage O-CBR outperformed all algorithms on the F1-
score using all 8,772 features with high balanced accuracy over 95%. The results were
close, but show the utility of clinical covariates and CBR for cancer classification.

Survival Analysis Task. We compared O-CBRwith state-of-the art survival prediction
models: LASSO [14], and Random Survival Forests (RSF) [15]. For the sake of fairness,
the same selected feature set was used in all 10-fold cross-validation tests.

Table 2. Survival performance by concordance index.

Methods BRCA
Gene expression

BRCA
Methylation

GBMLGG
Methylation

KIPAN
Methylation

LASSO 0.5 0.5 0.6215333 0.6574272

RSF 0.4656382 0.4660381 0.5629102 0.7084548

O-CBR 0.7537651 0.6795273 0.6708844 0.7039824

Table 2 shows the O-CBR performed significantly better, at p = .05 level, than the
other two methods on BRCA, GBMLGG and KIPAN datasets. On KIPAN dataset, RSF
performed slightly better, but not significantly so.

5 Conclusion

In this paper we presented and evaluated a multitask CBR system for oncology provid-
ing decision support for diagnosis and risk severity prediction from multidimensional
data that is both effective and explainable. Our future research directions will focus on
extending the system to additional tasks, datasets, dimensions, and to comparison with
additional machine learning models such as Gradient Boosting and deep learning [16],
based on LSTM or transformer models [17]. Once fully optimized, field test studies are
planned to evaluate the system acceptance and usefulness in clinical settings.
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Abstract. Therapy selection for symptomatic low back pain remains 
challenging since clinical decisions require patient-level synthesis of het-
erogeneous imaging findings. While AI methods for lumbar MRI mainly 
target diagnostic or structure-specific tasks, therapy-oriented decision 
support from multi-view acquisitions remains underexplored. We curated 
a retrospective multi-view lumbar MRI dataset of 294 patients annotated 
with three therapeutic pathways: conservative, regenerative,  and  surgical. 
Each examination includes five sagittal slices and up to three axial slices
at clinically relevant levels. We propose a patient-level model based on a
shared 2D slice encoder and attention-based aggregation of sagittal and
axial evidence. In 5-fold cross-validation, the proposed model achieved
.85.03±4.14% macro-F1, outperforming sagittal-only and axial-only vari-
ants. Ablations show that sagittal views provide the main global context, 
axial slices add complementary information, and pre-training improves 
performance. These results support t he feasibility of therapy-oriented
multi-view MRI decision support for low back pain.

Keywords: Decision Support System · Lumbar MRI · Low Back Pain

1 Introduction 

Low back pain (LBP) is a leading cause of disability worldwide and represents 
a major clinical and socioeconomic burden [1]. Selecting the most appropriate 
therapeutic pathway is often complex, since symptomatic patients may require 
conservative rehabilitation, regenerative procedures, or surgery depending on the
integration of clinical and imaging findings [2]. Lumbar MRI is routinely used in 
this process, as it provides detailed information on intervertebral discs, neural 
structures, stenosis, and paraspinal tissues. However, degenerative findings are
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often multi-level and may also appear in asymptomatic subjects, limiting the 
direct translation of isolated MRI abnormalities into treatment decisions [3]. 

Artificial Intelligence (AI) methods for lumbar spine MRI have shown promis-
ing results, but most studies address diagnostic or structure-specific tasks, such
as disc degeneration grading, stenosis assessment, or paraspinal muscle quantifi-
cation [4]. Although these approaches support automated image interpretation, 
they generally predict radiological findings rather than patient-level therapeutic 
decisions. Moreover, many pipelines rely primarily on sagittal MRI, whereas clin-
ical assessment often combines sagittal overview with axial level-specific infor-
mation. The relative contribution of sagittal and axial views for therapy-oriented
prediction remains insufficiently characterized.

To address this gap, we curated a retrospective multi-view lumbar MRI 
dataset of symptomatic LBP patients annotated with therapy-oriented labels: 
conservative, regenerative,  and  surgical. We propose a patient-level decision sup-
port system that encodes sagittal and axial slices with a shared 2D backbone 
and fuses slice-level evidence through patient-level aggregation. The main con-
tributions of this work are: (i) a multi-view lumbar MRI dataset with therapy-
oriented labels, planned for public release with documentation and standardized
splits; (ii) a patient-level model for therapeutic pathway prediction from routine
MRI; and (iii) an ablation analysis assessing the role of sagittal and axial views,
aggregation strategy, and pre-training.

2 Materials and Methods 

Fig. 1. Overview of the proposed multi-view MRI pipeline for patient-level therap eutic
pathway prediction.

2.1 Dataset 

We curated a retrospective cohort of .n = 294 symptomatic LBP patients under-
going routine lumbar spine MRI. Each patient was assigned a therapy-oriented
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label derived from the documented pre-operative clinical decision: conservative
(.n = 187, 63.6%), regenerative (.n = 64, 21.8%), or surgical (.n = 43, 14.6%). The 
regenerative class includes minimally invasive biologic procedures, the conserva-
tive class includes rehabilitation and non-invasive management, and the surgical 
class includes decompression and/or stabilization procedures. Labels reflected 
the final clinical indication recorded in the patient pathway: since labels encode
real-world therapeutic decisions, they should be interpreted as pathway-level
clinical targets rather than purely image-derived ground truth.

MRI exams included sagittal and axial T2-weighted TSE acquisitions from 
1.5T Siemens scanners, consistent w ith prior data from the same clinical source
[4]. Each patient was represented by five canonical sagittal slices and up to 
three axial slices at L3-L4, L4-L5, and L5-S1, when available. For the multi-view 
setting, sagittal and axial slices were concatenated in a fixed order. To mitigate 
class imbalance, offline patient-lev el augmentation was applied to surgical cases
during training only, keeping augmented replicas within the same split/fold as
the original patient.

2.2 Framework 

Our approach formulates therapeutic pathway prediction as a patient-level multi-
class classification problem from multi-view lumbar MRI. As illustrated in Fig. 1, 
the pipeline consists of four main components:

(a) Input Representation. Each examination is represented as a set of 2D 
slices. We use five canonical sagittal slices for the sagittal-only setting, up to 
three axial slices at clinically relevant levels for the axial-only setting, and their
fixed-order concatenation for the multi-view setting. Missing axial levels are
handled through padding and a slice-validity mask.

(b) Backbone Encoder. All slices are processed by a shared 2D backbone to 
obtain slice-level embeddings. We screened EfficientNetV2-T [5], ResNet-50 [6], 
and a lightweight Swin variant [7]. EfficientNetV2-T showed the most stable per-
formance across modalities in preliminary hold-out screening and was therefore
selected for the main cross-validation experiments.

(c) Weight Initialization. We compared random initialization, generic 
natural-image pre-training, and domain-relevant radiology/MRI pre-training. 
Domain-relevant checkpoints included RadImageNet [8] and a lumbar MRI 
checkpoint [9] when compatible with the given backbone. RGB-pretrained mod-
els were adapted to single-channel MRI inputs through a ligh tweight input con-
version layer when required.

(d) Patient-Level Aggregation. Slice-level embeddings are fused into a 
patient representation using one of four heads: concatenation, attention pool-
ing, self-attention pooling, or self-attention followed by concatenation. The final
classifier predicts one of the three therapeutic pathways.
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All evaluations were performed at patient level to avoid subject overlap 
across splits. Macro-F1 was used as the primary metric because of class imbal-
ance. A preliminary hold-out screening was used only for backbone-family selec-
tion and not for final performance reporting; after fixing the backbone, the 
selected pipeline was evaluated using stratified 5-fold cross-validation. Models 
were trained w ith cross-entropy loss and AdamW optimization, selecting the best
checkpoint according to validation loss. One-factor-at-a-time ablations were then
performed on input views, aggregation head, and pre-training strategy.

3 Results 

In the preliminary hold-out screening, EfficientNetV2-T showed the most sta-
ble performance across modality settings and was selected for the 5-fold cross-
validation experiments. As shown in Table 1, the proposed multi-view model with 
attention pooling and generic pre-training achieved .85.03 ± 4.14% macro-F1. 
Removing axial slices reduced performance by 7.75 points, indicating that axial 
levels provide complementary information when combined with sagittal context. 
Removing sagittal slices caused a larger drop of 32.83 points, confirming that 
sagittal views provide the main patient-level evidence for therapy prediction. 
Attention pooling outperformed concatenation and self-attention variants, sug-
gesting that explicit slice weighting is beneficial under variable axial a vailability.
Generic pre-training provided the most reliable initialization: random initializa-
tion decreased macro-F1 by 10.85 points, while the domain checkpoint improved
over random initialization but remained less stable than generic pre-training.

Table 1. Ablation study in 5-fold cross-validation using EfficientNetV2-T [5]. Values 
are macro-F1 (%, mean .± std). .Δ is w.r.t. base m odel.

Setting Macro-F1 (%). Δ

Proposed model 
Multi-view, AttnPool, Pre-training 85.03 .± 4.14 -
(a) View ablation 
.− Axial 77.28 .± 7.75 -7.75 
.− Sagittal 52.20 .± 6.78 -32.83 
(b) Head ablation (.− AttnPool) 
.+ Concat 76.58 .± 12.49 -8.45 
.+ SA-Pool 76.18 .± 8.57 -8.85 
.+ SA-Concat 74.94 .± 6.12 -10.09 
(c) Pre-training ablation (.− Generic Pre-training) 
.+ Random initialization 74.18 .± 6.98 -10.85 
.+ Domain pre-training 77.13 .± 11.44 -7.90
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4 Conclusions 

We presented a multi-view lumbar MRI decision support system for patient-level 
therapeutic pathway prediction in symptomatic LBP. The proposed model com-
bines sagittal and axial evidence and achieved .85.03± 4.14% macro-F1 in 5-fold 
cross-validation. Ablation results indicate that sagittal views provide the main 
global context, axial slices add complementary level-specific information, and 
attention pooling with generic pre-training yields the most robust configuration. 
Since treatment selection also depends on clinical variables beyond MRI, the 
proposed system should be interpreted as imaging-based decision support rather 
than a standalone treatment recommendation tool. Future work will focus on 
larger multi-center validation, integration of clinical variables, and interpretabil-
ity tools to support clinical deployment. 
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Abstract. Epileptic seizures remain largely unpredictable in daily life, 
especially for drug-resistant patients, reducing autonomy and safety. 
Wearable sensing can support continuous monitoring, but seizure predic-
tion remains challenging because pre-ictal patterns are subtle, patient-
dependent, and easily confounded by artifacts. We propose a wearable-
oriented multimodal framework integrating behind-the-ear EEG (bte-
EEG), electrocardiography (ECG), and electromyography (EMG). Con-
tinuous recordings are segmented into 20-s windows and represented 
through handcrafted features, with additional feature selection for 
EMG. A Multi Layer Perceptron classifier is trained under a subject-
independent split and evaluated at seizure level over a 30-min prediction 
horizon. Across unimodal and multimodal settings, bte-EEG provides the
strongest single-modality performance, whereas ECG alone is more prone
to false positives. Trimodal fusion achieves the most favorable operating
point, reducing false alarms while maintaining high sensitivity. These
results support the feasibility of multimodal wearable systems designed
to raise an alert when a seizure is expected within the next 30min.

Keywords: Seizure prediction · Wearable multimodal biosignals · 
Multimodal fusion

1 Introduction 

Epilepsy is a chronic neurological disorder characterized by recurrent seizures, 
whose unpredictability can severely affect safety, autonomy, and quality of life,
especially in drug-resistant patients [1,2]. Reliable short-term seizure prediction 
could enable timely warnings and personalized interventions, but its translation 
to realistic clinical and wearable settings remains challenging [3]. Unlike detec-
tion, which targets the ictal event, prediction requires identifying subtle pre-
ictal changes before seizure onset. Reported performance is therefore strongly
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influenced by the definition of the pre-ictal period, the prediction horizon, the 
windowing strategy, and the handling of false alarms.

In continuous monitoring, high sensitivity alone is not sufficient: frequent 
false positives may reduce clinical usefulness, user trust, and long-term adherence
[9]. Wearable systems can support long-term monitoring outside controlled envi-
ronments, but they must remain robust to limited channel availability, motion 
artifacts, and signal non-stationarities. Behind-the-ear electroencephalography 
(bte-EEG) offers a more wearable alternative to conventional EEG, while periph-
eral biosignals can provide complementary information. Electrocardiography 
(ECG) may reflect autonomic changes associated with seizure dynamics, whereas
electromyography (EMG) may capture neuromuscular activity relevant under
wearable conditions [5,10]. 

Previous wearable-oriented studies have explored multimodal machine-
learning pipelines based on central and peripheral signals [6]; however, the added 
value of EMG remains less consistently quantified, especially in fully wearable 
configurations and in comparisons that separate unimodal, bimodal, and tri-
modal contributions. A further limitation is the limited comparability of pre-
diction results across studies. Definitions of the pre-ictal period, seizure pre-
diction horizon, seizure occurrence period, and alarm post-processing can sub-
stantially change what is counted as a correct prediction and how false posi-
tives are measured [7–9]. This is particularly relevant in continuous monitoring, 
where window-level outputs must be converted into actionable warnings. For 
this reason, the sensitivity–alert-burden trade-off should be treated as a cen-
tral evaluation criterion. Motivated by these gaps, this work investigates a fully 
wearable multimodal system targeting seizures within a 30-min prediction 
horizon. The study contributes by: evaluating a setting designed for continu-
ous u se; comparing unimodal, bimodal, and trimodal configurations to quantify
modality complementarity; and adopting an evaluation strategy that explicitly
accounts for windowing choices and false-alarm behavior.

2 Materials and Methods 

This section describes the implementation and operational design of the p roposed
pipeline illustrated in Fig. 1. 

2.1 Dataset and Preprocessing 

The study used the publicly available SeizeIT2 dataset, collected in an Epilepsy 
Monitoring Unit from patients with drug-resistant epilepsy [4]. Seizure onset and 
offset times were annotated by clinical staff on scalp video-EEG and temporally 
aligned with the wearable recordings. Three synchronized modalities were con-
sidered: two-channel bte-EEG, one-channel ECG, and one-channel EMG from 
the deltoid muscle, selected as a proximal site less prone to continuous motion
artifacts than distal muscles. Labels were assigned according to a predefined
seizure prediction horizon (SPH). A window was labelled as pre-ictal when
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Fig. 1. Overview of the proposed wearable framework. Bte-EEG, ECG, and EMG 
recordings are segmented into time windows, transformed into handcrafted features, 
and classified by an MLP under a seizure-level evaluation protocol.

seizure onset occurred after the selected horizon, with a tolerance of . ±2  min;  
otherwise, eligible windows were labelled as interictal. Interictal samples were 
required to be at least 30 min aw ay from ictal events to reduce contamination
from seizure-related activity [7]. EEG and ECG windowing followed [6], while 
the EMG-specific strategy was based on [10]. 
Preprocessing and Feature Engineering. For each subject, recordings were 
reconstructed into continuous modality-specific time series and filtered to reduce 
wearable-related artifacts: 0.5–40 Hz for EEG, 0.4–20 Hz for ECG, and high-pass 
filtering at 20 Hz for EMG. Signals were segmented into 20-s windows with 50% 
overlap. To reduce post-ictal confounding, segments within 60 min after s eizure
termination were excluded unless they overlapped with a subsequent seizure.
Each window was represented by handcrafted features selected from prior work
on wearable and multimodal biosignals [6,10]. The full representation included 
72 features, as detailed in Table 1. EMG feature selection w as then applied.

Table 1. Summary of handcrafted feature groups extracted from each modality. For 
bte-EEG, features are computed per channel and concatenated.

Modality Feature groups N 
bte-EEG Time-domain statistics, spectral power, and spectral entropy features computed on 

two channels 
36 

ECG RR-interval statistics and heart-rate variability features in time and frequency 
domains 

23 

EMG Time-domain amplitude, activation, complexity, and statistical descriptors 13 
Total 72 

2.2 Model and Experimental Design 

An MLP classifier was used for window-level binary classification. The network 
consists of six fully connected hidden layers with 128, 256, 256, 128, 64, and 32 
neurons. Each layer is followed by batch normalization, ReLU activation, and
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dropout to stabilize training and reduce overfitting. The output layer provides 
a probabilistic estimate of the pre-ictal state. The pipeline was first evaluated 
across multiple SPH values to select the prediction horizon. Dedicated models 
were then trained for all unimodal, bimodal, and trimodal configurations. Data 
we re split by subject into 70% training and 30% test sets to assess generaliza-
tion to unseen individuals. Class imbalance was addressed by undersampling the
majority class in the training set.
Evaluation Strategy. Test samples were generated using a class-specific proto-
col. Interictal windows were extracted after excluding, for each annotated seizure, 
both the ictal interval and the 30 min preceding onset, corresponding to the 
selected SPH. This avoided contamination from pre-ictal activity. Twenty-second 
windows were then sampled from the remaining recording segments and treated
as interictal. For pre-ictal evaluation, each seizure was assessed over a 30-min
prediction interval. Given a seizure with onset time .ti and duration .Di, 20-s 
windows were evaluated from .ti − SPH to .ti +Di − SPH,  with  a  1-min  step.  A  
seizure was considered correctly predicted if at l east one evaluated window was
classified as pre-ictal.

Table 2. MLP performance across sensing configurations. Metrics are percentages. 
Bold indicates the best unimodal and bimodal results; for FP, lower is better. 
Bold underlined values mark trimodal improvements over both groups.

Unimodal Bimodal Trimodal 
Metric (%) EEG ECG EMG EEG+ECG EEG+EMG ECG+EMG EEG+ECG+EMG 
F1-score 44.0 10.0 42.0 48.0 30.0 30.0 69.0 
Accuracy 67.0 11.0 64.0 77.0 39.0 39.0 96.0 
Sensitivity (TP) 98.7 100.0 92.4 98.7 92.4 92.4 94.9 
False-positive rate (FP) 33.2 90.2 36.1 23.3 61.5 61.5 3.6 

3 Results and Discussion 

Table 2 reports the performance of the proposed framework. Metrics include 
macro F1-score, accuracy, seizure-level sensitivity (TP), and false-positive rate 
(FP), join tly capturing prediction capability and alert burden under continuous
monitoring.
Overall Performance and Multimodal Fusion. The trimodal configuration 
provides the most balanced operating point, achieving the highest F1-score and 
accuracy, the lowest false-positive rate, and high sensitivity. This is particularly 
relevant for continuous monitoring, where practical usability depends not only 
on detecting upcoming seizures but also on limiting unnecessary alerts. The 
improvement over unimodal and bimodal settings suggests that combining EEG
with peripheral correlates provides complementary information and stabilizes
predictions under wearable conditions.
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Modality Contribution. Among single modalities, EEG provides the best bal-
ance between sensitivity and false positives, confirming its central role in pre-
ictal discrimination. EMG shows intermediate performance, suggesting useful 
neuromuscular cues but higher sensitivity to wearable variability. ECG reaches 
high sensitivity but produces many false positives, likely because autonomic 
changes are not seizure-specific. In bimodal settings, EEG-based pairs outper-
form ECG+EMG, supporting EEG as the anchor signal. EEG+ECG achieves
the strongest bimodal balance, whereas ECG+EMG is the weakest combination,
indicating that peripheral signals alone provide less stable interictal/pre-ictal
separation.

4 Conclusion 

This study investigated short-term prediction in a fully wearable setting by 
integrating bte-EEG, ECG, and EMG within a feature-based MLP pipeline. 
Using 20-s windows, a 30-min horizon, and a subject-independent split, the 
framework enabled a controlled comparison of unimodal, bimodal, and trimodal 
configurations while explicitly considering the sensitivity–false-alarm trade-off. 
Results showed that bte-EEG was the most informative single modality, whereas 
ECG alone was associated with a higher false-positive rate. Multimodal fusion
improved robustness, and the trimodal configuration achieved the best operating
point by maintaining high sensitivity while substantially reducing false alarms.

These findings support the feasibility of wearable multimodal early-warning 
systems. Future work should validate the approach on larger and more diverse 
cohorts, improve robustness to artifacts and signal non-stationarities, and inves-
tigate personalized calibration to stabilize alarm burden in long-term use.
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Abstract. Creativity emerges through dynamic transitions across multiple cogni-
tive states, and its neural mechanisms remain insufficiently understood. This study 
investigates brain network dynamics using an EEG-based functional connectivity 
framework based on the debiased Weighted Phase Lag Index (DwPLI). Partici-
pants performed a modified Torrance Test of Creative Thinking (TTCT-F) designed 
to elicit four cognitive states: idea generation (IDG), idea evolution (IDE), idea 
rating (IDR), and rest (RST). From the resulting connectivity networks, inter-
pretable graph-theoretic features—node strength and betweenness centrality— 
were extracted, and statistically significant, discriminative features were identified 
through a structured feature selection pipeline. DwPLI-derived features demon-
strated strong statistical significance and revealed robust neural markers, primarily 
within frontal–parietal networks, for differentiating cognitive states. Classification 
results showed high performance across models, with SVM achieving up to ~93% 
accuracy under ten-fold validation and ~ 90% under one-subject-out validation, 
indicating strong generalizability. The findings demonstrate that creative cogni-
tion is governed by the interplay between large-scale network integration and 
hub-based information routing. This work provides an efficient, interpretable, and 
scalable framework for cognitive-state recognition, with implications for real-time 
neurocognitive applications. 

Keywords: Creativity · EEG · DwPLI · Brain Functional Connectivity 

1 Introduction 

Creativity is the capacity to generate novel, effective, and non-obvious ideas or solutions 
[1], emerging from dynamic interactions among higher-order cognitive processes such as 
memory, perception, learning, and reasoning across multiple phases [2]. Design is a goal-
directed process aimed at transforming existing situations into more desirable outcomes 
[3], where design creativity involves generating novel and practically viable solutions 
while addressing ill-defined problems under contextual constraints [4, 5]. Early linear 
models of creativity [2, 6] fail to capture the dynamic nature of creativity [7], which is 
now viewed as a nonlinear, iterative process involving cycles of generation, refinement,

© The Author(s), under exclusive license to Springer Nature Switzerland AG 2027 
P. Andreev et al. (Eds.): AIME 2026, LNAI 16749, pp. 439–444, 2027. 
https://doi.org/10.1007/978-3-032-30813-9_81 

http://crossmark.crossref.org/dialog/?doi=10.1007/978-3-032-30813-9_81&domain=pdf
https://orcid.org/0000-0001-7117-564X
https://orcid.org/0000-0002-7807-7919
https://orcid.org/0000-0002-7622-5295
https://doi.org/10.1007/978-3-032-30813-9_81


440 M.Z. Soroush et al.

and evaluation [8]. Neuroscientific evidence supports this perspective, showing that cre-
ativity arises from dynamic brain processes and transitions across cognitive states [9–11]. 
From a systems viewpoint, cognition emerges from nonlinear interactions within dis-
tributed neural networks, producing time-varying connectivity patterns [12]. However, 
most prior work relies on channel-based analyses, overlooking inter-regional interac-
tions, with inconsistent findings across cognitive states [11]. To address this gap, this 
study investigates EEG-based functional connectivity and extracts graph-based features 
to classify cognitive states of design creativity. 

2 Materials and Methods 

2.1 Dataset 

This study employs an EEG dataset developed in prior work [13], subsequently used in 
several studies [9, 10, 14], and later publicly released with comprehensive documentation 
[15]. The dataset comprises EEG recordings from 28 right-handed graduate engineering 
students (4 females, aged 22–35 years), all in good health and without any reported 
neurological or psychiatric conditions. The experimental protocol is based on a modified 
figural version of the Torrance Test of Creative Thinking (TTCT-F). Each participant 
completed three independent trials. Each trial consisted of sequential phases: an initial 
resting state (RST), Idea Generation (IDG), Idea Evolution (IDE), Idea Rating (IDR), and 
a final resting period. Rest phases (3 min, eyes closed) provided baseline before and after 
the task sequence. During the IDG phase (≤ 3 min), participants completed the given 
sketch to generate an initial idea. In the IDE phase (≤ 3 min), participants revisited the 
same stimulus to produce a substantially different solution. In the IDR phase (≤ 3  min),  
participants evaluated the cognitive effort associated with their ideation using NASA-
TLX-based self-assessment measures. All tasks were conducted in a loosely controlled, 
self-paced framework, allowing participants to follow natural creative workflows. EEG 
signals were recorded using a 64-channel Brain Vision actiCHamp system (500 Hz 
sampling rate). EEG signals were preprocessed and se gmented into task-related phases.

2.2 Brain Functional Connectivity; Debiased Weighted Phase Lag Index 

Connectivity was estimated by debiased weighted Phase Lag Index (DwPLI): 

DwPLI = 
N 
j=1 i j Im Sj Im(Si) 
N 
j=1 i j Im Sj Im(Si) 

(1) 

where Sj denotes the cross-spectrum between two signals at epoch j and Im(Sj)  is  the  
imaginary component of the cross-spectrum [16]. Two local graph-based features were 
extracted. Node strength (S) reflects the overall level of functional integration, while 
betweenness centrality (B) captures the node’s importance in information transfer.
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2.3 Feature Selection, Classification, and Validation 

Connectivity analysis generated a high-dimensional feature space across all the EEG 
channels. Our feature selection includes outlier correction, normalization, and removal 
of correlated features, and sequential forward/backward selection. We trained and evalu-
ated multiple classifiers—k-Nearest Neighbors (KNN), Support Vector Machine (SVM), 
Logistic Regression (LR), and Random Forest (RF). KNN used Euclidean distance with 
k = 10; SVM employed a third-degree polynomial kernel; and RF was configured with 
100 trees and a maximum depth of 10 to control complexity .

3 Results 

3.1 Statistical Analysis 

ANOVA results (Table 1) indicate that features derived from DwPLI are highly significant 
across EEG channels (Ch; 64 channels), cortical regions (A; frontal (F), parietal (P), 
temporal (T), central (C), and occipital (O) lobes), and hemispheres (H; left (L) and 
right (R)). Feature rankings were determined based solely on statistical significance. 

Table 1. Significant features identified by the proposed feature selection framework 

Feature Type # Ch A H p-value Partial η2 

Strength (S) 1 TP7 T L 0.0005 0.2354 

2 P1 P L 0.0006 0.2674 

3 C4 C R 0.0012 0.1475 

4 AF7 F L 0.0039 0.0931 

5 FC4 F R 0.0047 0.0754 

Betweenness Centrality (B) 1 FC4 F R 0.0001 0.3892 

2 P7 P L 0.0067 0.0638 

3 AF4 F R 0.0094 0.0257 

Table 1 shows that a compact set of DwPLI-derived features—primarily from frontal 
and parietal regions—significantly differentiates the four cognitive states. Node strength 
and betweenness centrality provide meaningful neural markers of design creativity, cap-
turing global integration and hub-based routing, respectively. FC4 emerges as a key 
hub, particularly in betweenness centrality, highlighting the role of right fronto-central 
regions, with additional contributions from channels such as C4 linked to motor planning, 
attention, and cognitive control. Eight significant features (five strength, three centrality) 
were identified, suggesting a greater role of connectivity strength. Strength features are 
widely distributed across lobes and hemispheres, whereas centrality features are more 
localized, mainly in the right frontal region.
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3.2 Classification 

The selected features were used to classify the cognitive states. Tables 2 and 3 present 
the classification results. Model performance was evaluated by ten-fold and one-subject-
out cross-validation using accuracy (ACC), recall (REC), specificity (SPC), precision 
(PRC), F1-score (F1SC), and Cohen’s kappa (KPA). Under ten-fold cross-validation, 
SVM yielded the best results (93.22 ± 3.37 for accuracy). Consistently high precision, 
recall, and specificity indicate balanced and reliable classification across classes. It shows 
that the proposed method is effective and discriminates the brain dynamics effectively. 
Under the one-subject-out scheme, performance decreased across all models, while 
preserving the same ranking. SVM remained the top performer (90.58 ± 5.47 for accu-
racy), demonstrating strong subject-independent generalization. The higher performance 
observed under ten-fold cross-validation reflects partial subject overlap between training 
and testing sets, whereas the one-subject-out scheme evaluates true cross-subject gen-
eralization. The resulting performance gap highlights inter-subject variability. It should 
be considered in future studies.

Table 2. Classification accuracy (%) of cognitive states under ten-fold cross-validation. 

Classifier ACC KPA F1SC PRC REC SPC 

LR 82.87 ± 
4.29 

82.65 ± 
5.21 

82.96 ± 
4.46 

87.26 ± 
3.97 

82.78 ± 
4.49 

85.13 ± 
1.98 

KNN 80.37 ± 
6.83 

79.34 ± 
7.19 

80.24 ± 
5.33 

84.75 ± 
4.11 

80.19 ± 
5.67 

83.01 ± 
2.62 

RF 88.96 ± 
4.21 

87.74 ± 
5.31 

88.12 ± 
5.19 

90.32 ± 
4.39 

87.56 ± 
3.07 

90.92 ± 
1.36 

SVM 93.22 ± 
3.37 

90.76 ± 
3.33 

93.05 ± 
3.27 

94.25 ± 
2.18 

93.46 ± 
3.19 

94.86 ± 
1.29 

Table 3. Classification accuracy (%) of cognitive states under one-subject-out cross-validation. 

Classifier ACC KPA F1SC PRC REC SPC 

LR 71.74 ± 
7.54 

71.26 ± 
7.34 

72.21 ± 
6.56 

75.58 ± 
5.26 

71.26 ± 
6.34 

74.55 ± 
2.26 

KNN 73.69 ± 
8.24 

72.28 ± 
8.23 

72.65 ± 
7.47 

76.57 ± 
5.65 

72.39 ± 
7.21 

76.37 ± 
3.87 

RF 83.69 ± 
6.17 

82.26 ± 
7.32 

80.12 ± 
7.47 

85.32 ± 
6.22 

81.54 ± 
4.28 

84.28 ± 
2.49 

SVM 90.58 ± 
5.47 

89.43 ± 
5.29 

90.47 ± 
5.48 

90.52 ± 
4.26 

90.04 ± 
5.22 

91.37 ± 
2.43
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4 Discussion 

4.1 Brain Functional Connectivity Method and Neural Markers 

DwPLI is a phase-based bias-corrected connectivity measure derived from the imaginary 
cross-spectrum, reducing volume conduction effect [16]. Topographic patterns reveal 
neural insights: IDG shows fronto-temporal integration with centrality in right tempo-
ral–parietal and centro-frontal hubs; IDE shifts to bilateral parietal–temporal regions 
with stable parietal–central hubs; IDR localizes in parietal and fronto-central areas with 
frontal–parietal and occipital hubs; and RST shows reduced frontal engagement with 
temporal strength and parietal centrality. 

4.2 Computation Complexity 

Experiments were conducted on a standard workstation (Intel® Core™ i3, 8 GB RAM, 
MATLAB R2023b). Feature extraction required ~10.6 ± 0.6 s per trial, with inference 
taking ~85.2 ± 7.1 ms per sample. The full pipeline took about 75 min. The framework 
has the potential to be employed in continuous cognitive state monitoring.

Disclosure of Interests. The authors have no competing interests to declare. 
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Abstract. Around the world, hundreds of millions of people live with rare dis-
eases, but for many of them, a clear diagnosis remains out of reach due to phe-
notypic heterogeneity, fragmented knowledge, and inconsistent documentation. 
Existing AI approaches either rely on closed-source frontier models with external 
tool calls—limiting deployment in privacy-sensitive clinical settings—or oper-
ate on narrow structured databases that miss the rich clinical context embed-
ded in disease narratives. We present RareGraph-AgenticAI, a two-stage frame-
work that integrates: (1) a comprehensive rare-disease Knowledge Graph (KG) 
constructed via LLM-driven extraction from the full text of OMIM, Orphanet, 
and GeneReviews—encompassing 15,280 diseases, 391,237 phenotype annota-
tions with importance, onset, polarity, severity, and frequency tiers, and 254,940 
nodes across 17 semantic types; and (2) a multi-agent diagnostic pipeline pow-
ered entirely by the open-source Qwen3-8B model, which extracts multimodal 
patient evidence, applies composite deterministic scoring, and performs a novel 
LLM-based pairwise reranking step to resolve subtype ambiguity. Evaluated on 
four RareBench cohorts (n = 1,122), the system achieves Top-5 group accuracy 
up to 56% on LIRICAL and Top-5 up to 57% on MME, outperforming existing 
methods like DeepRare (with Qwen-3 8B backbone), Phen2Gene, and P henoSS.

Keywords: LLM · Agent · OMIM · Orphanet · Mondo · GeneReviews · HPO · 
rare disease · knowledge graph 

1 Introduction 

Millions of families worldwide are affected by rare diseases, yet over half remain undiag-
nosed after odysseys exceeding five years [1]. Diagnosis is hampered by heterogeneous 
phenotypes, dispersed knowledge across OMIM [2], Orphanet [3], GeneReviews [4], 
MONDO [5], and HPO [6], and the difficulty of interpreting multimodal clinical data in
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real time. Critical information—phenotype frequencies, variant mechanisms, differential 
rules—is often incomplete in structured databases or buried in unstructured narratives. 

Recent LLM-based systems show promising results. Recent LLM-based systems 
show promising results. DeepRare [7] integrates over 40 specialized tools with GPT-4-
class models to process heterogeneous clinical inputs and generate ranked diagnostic 
hypotheses. However, DeepRare requires closed-source APIs and internet-connected 
tool calls, making it unsuitable for privacy-sensitive clinical environments. Traditional 
tools—Phen2Gene [8] or PhenoSS [9]—operate deterministically on HPO annotations 
without leveraging richer clinical context in disease narratives. 

We present RareGraph-AgenticAI, contributing: (a) training-free RareGraph, a KG 
constructed by Gemini 2.5 Pro from unstructured disease narratives, covering 15,280 
diseases with 254,940 nodes across 17 types; and (b) AgenticAI, a training-free multi-
agent pipeline using only Qwen3-8B [10], featuring information content-driven candi-
date narrowing that mimics expert reasoning, context-flag annotation for small-model 
accuracy, and novel LLM-based reranking that captures semantic relationships beyond 
rigid semantic matching. 

2 Methods 

2.1 RareGraph: Knowledge Graph Construction 

Unlike MONDO [5] which integrates already-structured fields, RareGraph mines the 
full narrative text of OMIM [2], Orphanet [3], and GeneReviews [4] using Gemini 2.5 
Pro and formulate them into KG. We extract: (i) phenotypes with frequency, importance 
tier (characteristic/supportive/incidental), polarity (present/absent), and onset; (ii) genes 
and variant mechanisms; (iii) inheritance; (iv) demographics; (v) differential diagnostic 
rules; (vi) treatments and contraindicated agents; (vii) pathways; (viii) diagnostic testing; 
(ix) surveillance; and (x) genetic counseling and other useful information. Entities are 
normalized to HPO [6], MONDO [5], and HGNC via cross-validation and reconciliation. 
To ensure KG quality, we filtered obsolete entities, rejected unsupported extractions, and 
deduplicated phenotypes by HPO. We prioritized high-confidence sources during merg-
ing, normalized identifiers post-extraction, and applied post-hoc validation to reduce 
noise, hallucinations, and inconsistent disease mappings. 

2.2 AgenticAI: Multi-agent Diagnostic Reasoning Pipeline 

The inference pipeline processes multimodal inputs through a coordinated multi-agent 
architecture powered entirely by Qwen3-8B [10] running locally via vLLM, proceeding 
through four stages. 

Stage 1 — Multi-modal Extraction. Stage 1—Multimodal extraction. Five agents 
extract: (i) phenotypes with negation/onset/context; (ii) demographics; (iii) family his-
tory and inheritance; (iv) genetic testing; (v) gene mentions. A vision agent handles 
facial images; an optional genomics agent processes VCFs. Unlike HPO-only tools 
(Phen2Gene, PhenoSS), our pipeline can integrate multimodal evidence for richer patient 
representations.
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Stage 2 — Normalization and Ontology Expansion. Extracted phenotypes are 
mapped to HPO identifiers via BioLORD-2023 [10] embedding similarity. To han-
dle granularity mismatches, phenotype–disease retrieval optionally expands each HPO 
term to semantically related neighbors (synonyms, parents, children, siblings) within a 
configurable graph radius, enabling retrieval when exact matches are unavailable. 

Stage 3—IC-driven Candidate Narrowing. Rather than treating all phenotypes 
equally, scoring mimics expert reasoning by prioritizing high-signal phenotypes. Can-
didates are scored by: (a) phenotype relevance weighted by HPO information content 
(IC)—rare phenotypes like ‘ectopia lentis’ contribute far more than common ones like 
‘seizure’—combined with KG importance tiers and frequencies; (b) pathognomonic 
bonuses; (c) co-occurrence pair signals; (d) inheritance consistency; (e) demographic 
alignment; (f) gene evidence; and (g) exclusion phenotype penalties. This narrows from 
the most informative phenotypes first, paralleling how clinicians anchor on distinctive 
features. This produces the Original Rank. 

Stage 4—LLM-Based Reranking (Novel). Deterministic scoring can miss seman-
tic reasoning clinicians apply: (a) contextual interpretation—“recurrent infections” in 
Chronic Granulomatous Disease means bacterial/fungal in liver/lungs so respiratory-
related diseases should be prioritized; (b) constellation reasoning—“short stature” + 
“joint hypermobility” + “easy bruising” forms a connective tissue gestalt for Ehlers-
Danlos but is discordant for growth hormone deficiency; (c) implicit inference—“in-
ability to extend fingers” signals sclerodactyly without HPO matches; (d) negation con-
text—“no cardiac involvement” contradicts diseases with characteristic cardiomyopathy 
even when absent from e xclusion lists.

Two reranking passes are applied. For subtype pairs sharing a MONDO parent, the 
LLM receives compact disease cards (hallmark phenotypes, genes, inheritance, exclu-
sion features) and judges fit—producing the Subtype Rank. This addresses subtype scat-
tering: diseases like CdLS types 1–5 distribute evidence across variants, each ranking 
lower than collective support warrants. Candidates are then grouped by MONDO parent 
and scored at group level—the Reconciled Rank. 

3 Results 

3.1 Knowledge Graph Validation 

RareGraph spans 15,280 diseases and 254,940 nodes across 17 types (Fig. 1). Phe-
notype data covers 11,831 diseases (77.4%), with a median of 25 HPO annotations per 
disease. Of 391,237 total annotations, 122,288 (31.3%) are LLM-extracted entries absent 
from structured databases. Cross-source analysis reveals 17.4% of phenotype terms con-
firmed across all three sources, 16.8% by two, and 65.8% unique to one—demonstrat-
ing complementarity. The KG captured 7,046 negated phenotype annotations—features 
documented as absent—essential for differential diagnosis but rarely encoded in struc-
tured databases. Beyond phenotypes, Rare Graph captures clinical management context: 
inheritance for 9,869 diseases (64.6%), gene associations for 7,854 (21,029 links), demo-
graphics for 8,757, differentials for 5,890 (median 4 per disease), treatment for 6,742
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across pharmacological, supportive, dietary, surgical, and gene therapy categories, and 
diagnostic testing for 8,126 diseases 

3.2 Agentic AI Performance 

We evaluated disease prioritization on the RareBench benchmark [11] using four pub-
lic cohorts: MME (Matchmaker Exchange; 40 cases, 17 diseases), LIRICAL (370 
cases, 252 diseases), HMS (Hannover Medical School; 88 cases, 39 diseases), and 
RAMEDIS (624 cases, 63 rare metabolic diseases)—totaling 1,122 cases. LLM-based 
reranking consistently improves Top-5 accuracy, with the most dramatic gain on MME 
(38% → 57%, +19 points), alongside improvements on LIRICAL (56% → 57%), 
RAMEDIS (35% → 42%), and HMS (11% → 19%). These gains confirm sub-
type scattering and semantic ambiguity are genuine error sources mitig ated by LLM
reasoning.

Fig. 1. Field coverage across 15,280 diseases in RareGraph. Six fields exceed 50% coverage; 
treatment, differentials, and management fields provide actionable context for thousands of 
diseases. 

vs. Phen2Gene and PhenoSS. Both are training-free HPO-only tools. Our system out-
performs Phen2Gene on LIRICAL (+14 Top-5), and MME (+43). PhenoSS achieves 
above 60% Top-5 on MME and LIRICAL but collapses on the largest-size dataset 
RAMEDIS (19%), revealing dataset-specific fragility. Our IC-driven scoring with mul-
timodal evidence and KG reranking produces more balanced performance across all 
cohorts—the most important property for clinical deployment. 

vs. DeepRare. Running DeepRare with Qwen3-8B (same model as ours), MME Top-5 
drops from 90% (GPT-4) [7] to 2%, confirming published performance is driven by 
frontier model capacity, not entirely pipeline architecture. Under the same model, we 
outperform DeepRare on LIRICAL (+25) and MME (+53). DeepRare’s advantage on 
HMS and RAMEDIS with Qwen3-8B may partly reflect bias from Pheno Brain [12]— 
whose hyperparameters were tuned on 249 benchmark cases overlapping evaluation data.
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Our system requires no training and achieves competitive results, showing structured 
KG grounding can substitute for model scale (Fig. 2). 

Fig. 2. Top-5@Acc Comparison across all models on RareBench datasets 

4 Discussions 

RareGraph-AgenticAI demonstrates that structured knowledge combined with a 
lightweight open-source LLM and targeted reranking delivers meaningful diagnostic 
prioritization without closed-source APIs, internet access, or training data. Several 
design choices distinguish our approach. IC-driven narrowing mimics expert reason-
ing by anchoring on rare, distinctive phenotypes rather than weighting all symptoms 
equally. Multimodal integration—phenotypes, demographics, family history, genetics, 
facial images—provides richer representations than HPO-only tools. LLM reranking 
captures contextual interpretation, constellation reasoning, implicit inference, and nega-
tion context that rigid matching cannot resolve. Exclusion phenotypes support differ-
ential diagnosis by capturing clinical differences that are rarely encoded in structured 
databases. 

Limitations include: The gap with DeepRare reflects different deployment regimes 
(8B open-source vs. frontier closed-source with 40+ tools); and stronger open-source 
models may yield further gains. Future work will pursue prospective clinical validation 
and integration with exome sequencing pipelines. 
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