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This session examines natural language processing methods for embedding, retrieving, structuring, 
evaluating, and governing real-world clinical knowledge in large language models. The seven 
accepted papers address clinical surveillance, patient-reported outcomes, longitudinal EHR 
reconstruction, synthetic clinical trajectories, medical search, evidence synthesis, and diagnostic 
reasoning. Across these settings, the papers move beyond final-answer accuracy toward explicit and 
auditable representations of timelines, patient states, reasoning traces, search behavior, and 
observability. They also highlight the complementarity of narrative notes, structured records, patient-
generated information, case reports, and biomedical literature. The session identifies shared 
opportunities for cross-institutional benchmarks, provenance-aware evaluation, patient-centered 
knowledge integration, prospective human-AI assessment, and governance of updating and 
escalation. 

Keywords: clinical NLP; large language models; medical knowledge; retrieval; clinical reasoning; 
evaluation; patient-centered data; responsible AI 

1. Introduction

Large language models (LLMs) are shifting biomedical natural language processing from a field 
centered primarily on extraction, classification, and concept normalization toward one increasingly 
concerned with generation, reasoning, evidence retrieval, and interactive decision support. In 
medicine, realizing this potential requires methods that embed real-world clinical knowledge in 
LLM-based systems in ways that are explicit, evidence-grounded, current, and appropriate to the 
clinical context. Real-world clinical knowledge is distributed across guidelines, ontologies, 
electronic health record (EHR) narratives, structured observations, registries, biomedical literature, 
patient-reported outcomes, and patient communications.  

These sources provide complementary but partial representations of clinical phenomena, patient 
trajectories, and care processes. They differ in authority, provenance, completeness, temporal 
resolution, accessibility, and relationship to a specific clinical decision. Moreover, information in 
the clinical record reflects not only patient states and clinical reasoning, but also documentation 
practices, institutional workflows, measurement processes, care fragmentation, and the 
circumstances under which data are collected. Embedding such knowledge in LLMs is therefore 
not simply a matter of supplying more text or improving answer accuracy. It requires methods for 
representing and linking heterogeneous evidence; retrieving, prioritizing, and updating relevant 
information; preserving provenance and temporal context; identifying uncertainty, missingness, 
and disagreement among sources; and evaluating whether model outputs, supporting evidence, and 
intermediate representations are clinically meaningful, well calibrated, and reliable across settings. 

© 2026 The Authors. Open Access chapter published by World Scientific Publishing Company and
distributed under the terms of the Creative Commons Attribution Non-Commercial (CC BY-NC) 4.0 License.
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These requirements are central to developing medical LLMs that can support, rather than obscure, 
responsible clinical decision-making. 

The PSB 2027 session, "NLP Methods for Embedding Real-World Clinical Knowledge in 
LLMs: Towards Responsible, Transformative Medical AI," was organized around these questions. 
Building on PSB's longstanding role in bringing together biomedical NLP, clinical informatics, 
knowledge representation, and translational biomedical research, the session sought work that 
treated medical knowledge as more than a static collection of facts. Our intent was to examine how 
clinical knowledge can be represented, grounded, updated, evaluated, and governed inside or 
alongside LLM-based systems. We were particularly interested in approaches that connected 
methodological innovation to real clinical data, patient-centered information, expert judgment, 
safety, fairness, and deployment constraints. The seven accepted papers collectively realize this 
agenda, although they approach it from different points in the knowledge pipeline. 

2.  Accepted papers 

The accepted papers span clinical surveillance, patient-reported outcomes, longitudinal EHR 
reconstruction, synthetic clinical trajectories, medical search, evidence synthesis, and diagnostic 
reasoning. They illustrate two complementary directions: making clinical information more explicit 
and usable for downstream reasoning, and evaluating or training models to retrieve, justify, and 
align their answers with clinical evidence. The papers are summarized below in that order. 

Weissenbacher and colleagues from Cedars-Sinai Medical Center, Cedars-Sinai Health System, 
and the University of Pennsylvania develop LLM-based systems for identifying in-hospital cardiac 
arrest events and their locations from routine EHR notes. The study compares guideline-enriched 
prompting, supervised fine-tuning, and self-correction against ICD-code-based extraction. Fine-
tuning substantially improves performance on a curated corpus, while a two-pass correction 
workflow is more robust on a large, unselected validation cohort. The practical contribution is a 
scalable approach for prioritizing encounters for clinician adjudication and supporting cardiac-arrest 
surveillance and registry development1. 

Habibi and colleagues from Emory University School of Medicine introduce an observability-
aware framework for evaluating language-based clinical phenotyping when the reference standard 
and model input come from different measurement channels. Using patient-reported depression 
outcomes, the study distinguishes model-recognition failure from limitations in what the analyzed 
clinical text can observe. The addition of patient portal messages improves sensitivity, while 
content-based abstention mainly enriches the positive population rather than reliably reducing 
selective risk. The work provides a way to interpret apparent model errors in light of missing or 
unrecorded patient evidence2. 

Kumar and colleagues from the National Institutes of Health and Carnegie Mellon University 
formulate clinical timeline reconstruction as retrieval-augmented temporal grounding. Narrative text 
supplies event semantics, while structured EHR rows provide partial temporal evidence from labs, 
medications, vitals, and procedures. Their scaffolded workflow extracts central events, builds an 
initial timeline, attaches additional events, and calibrates timestamps using structured data. 
Multimodal alignment generally improves temporal performance, although uncertainty remains 
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substantial and many text-derived events have no structured counterpart. The paper shows both the 
value and the limits of treating structured EHR data as temporal evidence3. 

Zhou and colleagues from Stanford University, the University of Texas Dell Medical School, 
the University of Oklahoma Health Sciences Center, and LSU Health Shreveport introduce 
Monopath Directed Acyclic Graphs, which convert clinical case reports into ordered patient states 
linked by explicit clinical transitions. Using lung-cancer case reports, they evaluate graph fidelity, 
embedding structure, and graph-conditioned synthetic-case generation. Physicians rate graph-
conditioned cases as more temporally valid, actionable, and safe for decision-making than text-only 
generations, although clinical validity itself does not significantly differ. The contribution is a 
structured intermediate representation for preserving decision-relevant clinical trajectories, 
especially in rare or atypical cases4. 

Zhan and colleagues from the University of Minnesota introduce MedSR, a framework that 
trains compact language models to generate auditable reason-search-answer trajectories. The 
method combines an external search tool, LoRA adaptation, group relative policy optimization, and 
rule-based rewards without a separately trained reward model. Across medical question-answering 
benchmarks and retrieval corpora, learned search behavior can outperform untrained retrieval 
prompting, but the benefit depends on the model, corpus, retrieval depth, reward design, and adapter 
capacity. The paper treats search as a learned component of medical reasoning rather than a fixed 
preprocessing step5. 

Liu and colleagues from the National Institutes of Health and the University of Illinois Urbana-
Champaign evaluate whether contemporary chatbots retrieve the same primary clinical studies 
selected by Cochrane reviewers. Across models, user roles, and repeated queries, retrieval recall 
varies substantially, with researcher-oriented prompts performing better than clinician- or patient-
oriented prompts. The analysis also identifies a bias toward larger clinical trials, even after 
accounting for publication year, citations, and open-access status. The study contributes an 
evidence-retrieval benchmark that exposes selection and coverage bias, extending evaluation 
beyond citation fabrication6. 

Wu and colleagues from Stanford University, the University of Southern California, and the 
University of California, San Francisco introduce MedCaseReasoning, an open-access dataset of 
nearly 14,000 diagnostic question-answer cases derived from clinical case reports and paired with 
explicit reasoning statements. The authors show that current reasoning models have important 
deficits in both diagnostic accuracy and recall of documented reasoning, and that fine-tuning on the 
reasoning traces improves both measures. The contribution is an evaluation and training resource 
that treats faithful diagnostic reasoning, rather than only the final diagnosis, as a core dimension of 
medical LLM performance7. 

3.  Discussion 

Several points of convergence emerge across the papers. First, the accepted work moves toward 
explicit and auditable knowledge representations. Timelines, state-transition graphs, reasoning 
traces, search trajectories, and observability annotations expose information that would otherwise 
remain implicit in narrative text or latent in model parameters. These representations do not 
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eliminate ambiguity, but they make it possible to ask more precise questions about provenance, 
temporal order, missing evidence, and the relationship between a model's intermediate behavior and 
its final output. 

Second, the papers treat clinical knowledge as heterogeneous and complementary. Narrative 
notes can describe phenotype and clinical meaning; structured records can anchor time; patient-
reported information can reveal symptoms that were not documented by clinicians; case reports can 
preserve rare trajectories; and the biomedical literature can supply evidence beyond the local record. 
The resulting systems are strongest when they combine these sources without assuming that any one 
source is complete. This also means that retrieval and representation choices are inseparable from 
questions of access, selection, missingness, and bias. 

Third, the papers collectively argue for evaluation beyond end-task accuracy. Relevant questions 
include whether a patient state was temporally reconstructed, whether evidence was observable in 
the input, whether retrieved studies align with expert selection, whether a reasoning trace reflects 
clinically meaningful considerations, and whether generated content supports a safe next action. 
Human review remains important across these settings, but the papers also show the need for 
structured and reproducible evaluation protocols. Performance on curated datasets can differ from 
performance in broad, unselected clinical populations, as illustrated by the cardiac-arrest validation 
cohort, the observability analysis of undocumented symptoms, and the retrieval study's dependence 
on user role and study characteristics. 

The collection also identifies important gaps. Most studies remain single-task or single-domain 
evaluations, leaving open questions about transportability across institutions, populations, 
specialties, and documentation practices. The field lacks shared standards for representing 
provenance, uncertainty, temporal validity, and conflicts among sources. Patient-generated 
knowledge is represented in one important study, yet systematic methods for incorporating patient 
priorities, community narratives, and lived experience into model behavior remain underdeveloped. 
The session proposal also emphasized continual updating, fairness, governance, and deployment 
monitoring, while the accepted papers provide only an initial view of how these requirements can 
be operationalized. Prospective evaluation of human-AI teams, workflow effects, escalation 
behavior, and longitudinal model drift is a clear next step. 

These convergences suggest several opportunities. Shared benchmarks could combine evidence 
retrieval, longitudinal reconstruction, diagnostic reasoning, observability, and safety-oriented 
judgment rather than treating them as isolated tasks. Such benchmarks should include multiple 
information channels and explicitly record what evidence was available, retrieved, omitted, or 
contradicted. Cross-institutional studies could test whether structured clinical knowledge 
representations generalize across documentation cultures and patient populations. Evaluation suites 
should pair automated measures with expert assessment of actionability, calibration, fairness, and 
safe failure. Finally, knowledge-aware systems need governance mechanisms that make updates, 
source provenance, model limitations, and escalation paths visible to the people responsible for 
deploying and using them. 
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4.  Conclusion 

Taken together, the seven papers mark a transition from medical LLMs that merely produce answers 
toward systems that can expose, retrieve, structure, justify, and be evaluated against the clinical 
knowledge behind those answers. The session's central insight is that responsible medical LLM 
development requires treating knowledge representation, evidence access, reasoning behavior, and 
evaluation as a connected design problem. The next phase of work will require connecting these 
components into robust, continuously monitored, and clinically accountable systems. By bringing 
together methods for knowledge representation, retrieval, reasoning, evaluation, and real-world 
implementation, this session aims to help define what responsible and transformative medical LLMs 
should know, how they should demonstrate that knowledge, and how the field should govern their 
use in practice. 
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Language models applied to clinical text are often evaluated against diagnosis codes or chart
review, which reflect what clinicians recognized and documented rather than the full patient
experience. Independently collected patient-reported outcomes reduce this dependence but
create a challenge: when the reference standard and model input arise from different mea-
surement channels, apparent errors may reflect either failure to recognize available evidence
or absence of relevant evidence from the analyzed text. We introduce an observability-
aware framework for evaluating clinical language models under this partial information.
We demonstrate the framework in 1,725 palliative care patients without a prior depres-
sion diagnosis or antidepressant treatment, using Patient Health Questionnaire-8 (PHQ-8)
scores ≥ 5 as the reference standard. Llama 3.3 70B Instruct classified clinical notes and
portal messages, with predictions combined by logical OR. Clinical notes achieved sensi-
tivity 0.67, specificity 0.58, and positive-class F1 0.64. Adding portal messages increased
sensitivity to 0.71 and F1 to 0.65, recovering 34 additional positive patients while reduc-
ing specificity by 0.03. We defined lexicon-relative observability as the presence of at least
one depressive-symptom domain in clinical notes. Approximately 80% of PHQ-8-positive
patients were observable, with sensitivity 0.76 in this subgroup. Blinded review identi-
fied clinically meaningful evidence in 72.9% of lexicon-unobservable true positives versus
12.5% of lexicon-unobservable false negatives, with strong agreement (κ = 0.85). Content-
conditioned abstention increased sensitivity and F1 but did not consistently reduce selective
risk, indicating case enrichment rather than improved reliability. Observability-aware eval-
uation can help determine whether improvements should focus on stronger models, broader
text sources, or direct outcome collection.

Keywords: clinical natural language processing; large language models; patient-reported
outcomes; depression; palliative care.

1. Introduction

Depression is a leading cause of disability and is associated with reduced quality of life,
increased healthcare utilization, suicide risk, and premature mortality.1,2 Despite effective
treatments, depressive symptoms remain frequently underrecognized because of stigma, lim-
ited access to mental health services, brief encounters, and reluctance to disclose emotional
concerns.3–5 This challenge is consequential in palliative care, where mood symptoms may
be overlooked amid serious illness or difficult to distinguish from fatigue, sleep disturbance,
appetite changes, and functional decline resulting from the underlying illness.21,22

Electronic health records (EHRs) offer an opportunity to identify depressive symptoms
during routine care. EHR phenotyping based on diagnosis codes, medications, and billing data
is useful for established disease but less effective before symptoms are formally recognized.

© 2026 The Authors. Open Access chapter published by World Scientific Publishing Company and
distributed under the terms of the Creative Commons Attribution Non-Commercial (CC BY-NC)
4.0 License.
The authors have no conflicts of interest relevant to this article to disclose. This work was supported
in part by a philanthropic gift from the Fraser Parker Foundation to Emory University’s Division of
Palliative Medicine. Dr. Bozkurt’s effort was supported in part by the National Institute of Mental
Health of the National Institutes of Health under award number R21MH139049.
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Unstructured clinical text, including clinical notes, patients’ portal messages and ambient
transcripts of visits, can capture mood changes, emotional distress, psychosocial stressors,
sleep problems, and functional impairment that precede diagnosis.6–9 Advances in natural
language processing (NLP), including transformer-based models and large language models
(LLMs), have therefore enabled sophisticated depression phenotyping from clinical documen-
tation.10–15 These studies, however, have mostly relied on diagnosis codes, chart review, or
expert-assigned labels as the reference standard. Such labels introduce a dependency that is
analytically consequential: the reference standard and the model input derive from the same
clinical encounter and the same clinician's judgment. Apparent model performance may there-
fore reflect the detection of documented clinical recognition rather than the patient symptoms,
and the two are not interchangeable. Recognition is largely a precondition for coding, so pa-
tients whose symptoms are already recognized are, by construction, the patients for whom
automated identification offers the least incremental value. Conversely, patients with unrec-
ognized symptoms constitute the population of principal clinical interest, and this population
cannot be operationally defined using a label derived from clinician recognition.

Independently collected patient-reported outcomes break this dependence. The Patient
Health Questionnaire-8 (PHQ-8) measures symptom frequency over a defined recall period,
whereas clinical text contains only information expressed, elicited, and documented within the
available window. A patient may therefore meet the outcome threshold without corresponding
depressive-symptom evidence in the model input. Conventional sensitivity treats such cases
identically to those in which relevant evidence is present but missed, conflating limited textual
observability with model-recognition failure. Thus, the patient-reported reference is not nec-
essarily invalid but may be partially observable from the language modality being evaluated.

The text source further shapes what becomes observable. Clinical notes reflect information
elicited during encounters and clinical interpretation but may omit concerns that patients do
not disclose or clinicians do not document. Patient portal messages provide a complementary
patient-generated channel for describing symptoms, emotional experiences, treatment con-
cerns, and requests for support between visits. Prior studies have demonstrated their utility
for identifying medication-related issues, adverse events, and mental health concerns, includ-
ing depression-related content.16–20 However, their incremental contribution beyond clinical
notes remains insufficiently characterized.

Existing language-based phenotyping studies generally emphasize full-cohort discrimina-
tion without assessing if phenotype-relevant evidence is present in the analyzed text.10–15 Few
approaches quantify text-relative observability or determine whether restricting prediction to
content-rich records reduces error or merely enriches the retained population for positive cases.

In this study we develop and apply an observability-aware evaluation of language-based de-
pressive symptom detection against an independently collected patient-reported outcome. The
analysis proceeds in three parts. First, we benchmark an instruction-tuned LLM applied to
clinical notes and patient-generated portal messages and interpret its performance in relation
to trivial, lexical, and supervised baselines commonly used in clinical phenotyping. Second,
we partition outcome-positive patients by model prediction and by lexicon-observability, de-
fined as the presence of explicit depressive symptom language in the analyzed text, which
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separates cases missed despite available evidence from cases in which no such evidence was
documented. We assessed the validity of this grouping through a blinded review of lexicon-
unobservable cases. Third, we quantified the additional contribution of portal messages and,
in a separate clinical-note-only analysis, evaluated whether the number of lexicon-detected
symptom domains could serve as an abstention criterion across different coverage levels. We
release the prompts, lexicon, and analysis code to support replication.

2. Methodology

Figure 1 summarizes the study workflow.

Fig. 1. Study workflow, including cohort selection, text preprocessing, LLM-based prediction,
patient-level evaluation, and observability-aware error decomposition.

2.1. Study design and cohort

We included adult patients who received palliative care within Emory Healthcare and com-
pleted at least one PHQ-8 assessment between January 1, 2023, and December 31, 2025. The
study was approved by the Emory University Institutional Review Board. Eligible patients
had at least one PHQ-8 and at least one clinical note within ±7 days. For patients with
multiple eligible assessments, the first was the index assessment.

To focus on unrecognized symptoms and to prevent the model from reading a diagnosis off
the chart, we excluded 976 patients with a documented depression diagnosis (ICD-10-CM) or
antidepressant exposure before the index PHQ-8, leaving 2,210 eligible patients. Among these,
1,269 had at least one portal message within ±7 days of the index assessment and 1,725 within
±30 days. The ±30-day portal-message cohort was designated as the primary analytic cohort
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because it retained more eligible patients and therefore provided greater statistical precision,
whereas the ±7-day portal-message cohort was used as a temporal sensitivity analysis.

2.2. Reference Standard

The independently collected PHQ-8 assesses eight depressive symptoms over the preceding
two weeks, with items scored from 0 to 3 and total scores ranging from 0 to 24. Scores of 0–4
were classified as minimal or no symptoms and scores ≥5 as at least mild symptom burden,
a threshold selected to prioritize sensitivity for early identification rather than clinical diag-
nosis.23,24 Because the PHQ-8 and analyzed text represented distinct measurement channels,
patients could meet the threshold without corresponding textual evidence or describe distress
despite scoring below it. Performance therefore depended on both textual evidence availability
and model recognition.

2.3. Text Processing and Model Configuration

We extracted clinical notes and patient-generated MyChart portal messages within the pre-
specified temporal windows. The symmetric ±7-day clinical-note window accommodated doc-
umentation that may be entered or finalized after the corresponding encounter while maintain-
ing temporal proximity to the index assessment. Clinical notes included progress notes, pal-
liative care notes, social work notes, and other documentation. Portal messages were ordered
chronologically and concatenated into a patient-level document for each temporal window.

To minimize information leakage, embedded PHQ questionnaires and other structured
depression-screening instruments were removed before inference, along with duplicate records,
administrative or automated content, and formatting artifacts. Depressive symptoms were
then classified using Llama 3.3 70B Instruct without task-specific fine-tuning,25 with tem-
perature set to 0. Separate zero-shot prompts were developed for clinical notes and patient-
generated portal messages. Text was classified as positive only when it contained evidence of
current depressive symptoms; historical, hypothetical, or negated symptoms and antidepres-
sant use without accompanying symptom evidence were insufficient for a positive classification.

We evaluated three patient-level prediction strategies: (1) clinical notes only, in which a
patient was classified as positive if at least one note received a positive prediction; (2) portal
messages only, in which a prediction was generated from the concatenated patient-level portal-
message document; and (3) combined text sources, in which clinical note and portal message
predictions were integrated using a logical OR rule. The combined strategy assessed whether
patient-generated communication contributed information beyond clinical documentation.

2.4. Manual Review of Complementary Portal-Message Cases

We manually reviewed all additional PHQ-8-positive patients identified by the combined OR
strategy but missed by the clinical-note-only model. Portal messages were compared with
corresponding clinical notes to identify complementary information. Non-mutually exclusive
themes were summarized as counts, and one de-identified representative portal-message ex-
cerpt was reported for each theme.
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2.5. Lexicon-Based Measurement of Textual Observability

To distinguish absent detected evidence from recognition failure, we defined a text-only, label-
independent proxy for whether each patient’s notes contained explicit depressive-symptom
content. The lexicon was built from established symptom constructs and documentation ter-
minology, covering 10 domains: depressed mood, anhedonia, sleep disturbance, fatigue or low
energy, appetite or weight change, worthlessness or guilt, impaired concentration, psychomotor
change, mental-health help-seeking, and suicidality or self-harm. Terms and regular expres-
sions were developed without access to PHQ-8 labels or model predictions. Mentions were
excluded when preceded within a fixed left-context window by negation cues such as ”denies,”
historical cues such as ”history of,” or hypothetical cues such as ”monitor for”.26,27

For patient i, ci denoted the number of distinct symptom domains remaining after contex-
tual filtering. Observability at threshold τ was defined as

Oi(τ) =

{
1, if ci ≥ τ,

0, if ci < τ.
(1)

Patients were lexicon-observable when at least τ domains were detected. The indicator was
calculated from text alone and did not use the PHQ-8 label or model prediction.

Observability was lexicon-relative meaning notes without detected symptom terms could
still contain clinically meaningful evidence of depression. Observability was assessed only in
clinical notes from the 1,725-patient primary cohort.

2.6. Decomposition of Outcome-Positive Cases

Observability was used as an explanatory stratification and did not affect cohort inclusion. All
1,725 patients remained in full cohort performance estimates and selective prediction analyses.

Of the P PHQ-8-positive patients, each was assigned to one of four mutually exclusive
groups defined jointly by the clinical-note prediction ŷi and the observability indicator Oi(τ):

TPobs =

N∑
i=1

1 (yi = 1, ŷi = 1, Oi(τ) = 1) FNobs =

N∑
i=1

1 (yi = 1, ŷi = 0, Oi(τ) = 1)

TPunobs =

N∑
i=1

1 (yi = 1, ŷi = 1, Oi(τ) = 0) FNunobs =

N∑
i=1

1 (yi = 1, ŷi = 0, Oi(τ) = 0) .

(2)

These groups satisfied:

P = TPobs + FNobs + TPunobs + FNunobs. (3)

Here, FNobs represented missed cases despite detected depressive content, whereas FNunobs rep-
resented missed cases without detected explicit content. The number of lexicon-unobservable
positive cases was

Uτ = TPunobs + FNunobs =

N∑
i=1

1 (yi = 1, Oi(τ) = 0) . (4)

Accordingly, the observability proportion can also be defined as

Cτ = 1− Uτ

P
. (5)
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Thus, Cτ represented the proportion of PHQ-8-positive patients whose notes contained at
least τ lexicon-detected symptom domains. For methods relying only on the explicit evidence
captured by the lexicon, however, it could be interpreted as a lexicon-relative upper bound.

Sensitivity among lexicon-observable positive cases was compared descriptively with full-
cohort sensitivity, computed as

Sensitivityobs =
TPobs

TPobs + FNobs
, Sensitivity =

TP

TP + FN
. (6)

This comparison characterizes performance within the lexicon-defined observable subset but
does not estimate sensitivity loss caused by absent textual evidence. We reported TPunobs sepa-
rately because positive predictions in lexicon-unobservable cases may reflect implicit evidence
missed by the lexicon, nonspecific correlates, or unsupported predictions.

2.7. Sensitivity Analysis of the Observability Definition

We repeated the positive-case decomposition using observability thresholds of τ = 1 , 2 , 3 and
4, corresponding to detection of at least one, two, three or four distinct symptom domains. At
each threshold, we recalculated the four observability subgroups, Uτ , Cτ , and Sensitivityobs.

The primary definition used τ = 1 because it was the most inclusive. Stricter thresholds
were evaluated only to assess sensitivity to the operational definition and were not inter-
preted as more accurate estimates of semantic observability, because increasing τdeliberately
reclassified some patients with detected content as lexicon-unobservable.

2.8. Content-Conditioned Abstention and Selective Prediction

We evaluated the content count ci as an input-side abstention criterion. At threshold t, patients
with ci ≥ t were retained, regardless of PHQ-8 label, and patients with ci < t were excluded only
from performance calculations. The abstention rule used neither the PHQ-8 label, the model
prediction, nor model correctness. Unlike conventional selective-classification approaches, in
which rejection is typically based on model confidence or uncertainty,28,29 our retention rule
was based solely on the amount of phenotype-relevant content available in the input. We
nevertheless adopted the standard risk–coverage formalism from selective prediction.28,29

The retained set and coverage were defined as

R(t) = {i : ci ≥ t} , Coverage(t) =
|R(t)|
N

, (7)

where N was the size of the primary analytic cohort.
Selective risk, defined as the proportion of incorrect predictions among patients retained

at threshold t, was calculated under 0–1 loss as

Risk(t) = 1− TP (t) + TN(t)

|R(t)|
. (8)

Within each retained set, we calculated sensitivity, specificity, precision, positive-class F1

score, and PHQ-8-positive prevalence, p, which represented the proportion of retained patients
with PHQ-8 ≥ 5 and defined as

p(t) =

∑
i∈R(t) 1 (yi = 1)

|R(t)|
. (9)
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Because retained-set prevalence could vary across thresholds, selective risks were not inter-
preted in isolation. At each threshold, we also calculated the risk of the optimal trivial constant
classifier, that predicted the majority class for every retained patient, as

Risktrivial(t) = min {p(t), 1− p(t)} . (10)

The model’s prevalence-adjusted advantage over trivial classification was then defined as

∆risk(t) = Risktrivial(t)− Risk(t). (11)

Positive values indicated lower error than majority-class prediction in the retained set.
Thresholds were evaluated across ci values, excluding those retaining fewer than 20 pa-

tients. Risk–coverage, F1–coverage, and risk-advantage–coverage curves assessed performance
across thresholds. Abstention was considered reliability-enhancing only if risk decreased while
advantage over the threshold-specific trivial classifier was maintained or increased; otherwise,
gains in sensitivity or F1 were interpreted as case enrichment or screening prioritization.

2.9. Performance Evaluation and Statistical Analysis

All analyses were conducted at the patient level. Notes-only, portal-only, and combined strate-
gies were evaluated using accuracy, sensitivity, specificity, precision, positive-class F1, and
macro F1; abstention analyses additionally reported coverage, selective risk, and retained-set
prevalence. Ninety-five percent confidence intervals were estimated using 5,000 patient-level
bootstrap resamples. Differences between strategies were assessed using 5,000 paired bootstrap
resamples that preserved both predictions within each resample, with two-sided bootstrap p-
values calculated for differences in sensitivity, specificity, and positive-class F1.30

2.10. Blinded Semantic Audit of Lexicon-Unobservable Cases

To assess the semantic validity of lexicon-unobservable cases, two reviewers independently
evaluated all 48 true positives and a random sample of 48 lexicon-unobservable false negatives,
blinded to PHQ-8 scores, LLM predictions, lexicon output, and subgroup membership. Cases
were categorized as containing clinically meaningful, ambiguous or indirect, or no evidence
of current depressive symptoms. Disagreements were resolved by consensus, and inter-rater
agreement was assessed using Cohen’s κ. The audit was designed to assess the unobservable
designation among PHQ-8-positive cases; it does not establish the validity of the full four-cell
decomposition.

3. Results

Table 1 reports cohort characteristics overall and by PHQ-8 status.

3.1. Model Performance

Figure 2 summarizes performance across both portal-message windows. Clinical notes outper-
formed portal messages alone, while combining sources increased sensitivity and positive-class
F1 but reduced specificity (Table 2). In the primary ±30-day cohort, sensitivity rose from 0.67
to 0.71 and F1 from 0.64 to 0.65, while specificity fell from 0.58 to 0.55.
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Table 1. Characteristics of the primary analytic cohort overall and stratified by PHQ-8 status.

Characteristic Overall
(N = 1,725)

PHQ-8 < 5
(N = 867)

PHQ-8 ≥ 5
(N = 858)

Age, years 60.8 (14.7) 61.0 (14.5) 60.7 (15.0)
Clinical-note count per patient 13.1 (15.2) 12.6 (16.6) 13.6 (13.6)
Portal-message count per patient 26.9 (26.5) 25.2 (25.1) 28.6 (27.8)
Gender
Female 1,028 (59.6%) 505 (58.2%) 523 (61.0%)
Male 697 (40.4%) 362 (41.8%) 335 (39.0%)

Race
American Indian or Alaska
Native 5 (0.3%) 2 (0.2%) 3 (0.3%)
Asian 73 (4.2%) 28 (3.2%) 45 (5.2%)
Black or African American 609 (35.3%) 326 (37.6%) 283 (33.0%)
Native Hawaiian/Pacific Islander 2 (0.1%) 2 (0.2%) 0 (0.0%)
White 957 (55.5%) 479 (55.2%) 478 (55.7%)
More than one race 9 (0.5%) 6 (0.7%) 3 (0.3%)
Other/unknown 70 (4.1%) 24 (2.8%) 46 (5.4%)

Ethnicity
Hispanic or Latino 83 (4.8%) 37 (4.3%) 46 (5.4%)
Not Hispanic or Latino 1,585 (91.9%) 805 (92.8%) 780 (90.9%)
Unknown or declined 57 (3.3%) 25 (2.9%) 32 (3.7%)

Values are mean (SD) for continuous variables and n (%) for categorical variables.

Sensitivity F1 score
0.0

0.2

0.4

0.6

0.8

1.0

M
et

ric
 v

al
ue

0.11

0.18

0.68
0.65

0.70
0.66

Text source
Portal messages Clinical notes Combined

(a) Using ±7-Day Portal-Message Window

Sensitivity F1 score
0.0

0.2

0.4

0.6

0.8

1.0

M
et

ric
 v

al
ue

0.15

0.24

0.67
0.64

0.71
0.65

Text source
Portal messages Clinical notes Combined

(b) Using ±30-Day Portal-Message Window

Fig. 2. Model Performance Comparison for Clinical Notes, Portal Messages, and Combined Sources

3.2. Portal Messages Contribution to Additional True-Positive Detection

Among the 34 additional PHQ-8-positive cases, portal messages most commonly described
depressed mood (14 cases), anxiety or emotional distress (13), and fatigue or low energy (10)
(Table 3). Compared with notes, which often emphasized physical symptoms, treatment, or
disease management, portal messages contained more explicit psychosocial information.

3.3. Lexicon-Defined Observability and Positive-Case Decomposition

At the primary threshold of τ = 1, 685 of the 858 PHQ-8-positive patients met the lexicon-
defined observability criterion, yielding an observability proportion of Cτ=1 = 0.80. The remain-
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Table 2. Patient-level performance of the clinical-note-only and combined OR strategies across
portal-message windows.

±7-Day Portal-Message Window

Metric Clinical
notes

Combined Difference with 95% CI Bootstrap
p-value

Accuracy 0.63 0.63 0.006 (-0.001 to 0.012) 0.114
Precision 0.62 0.62 0.002 (-0.004 to 0.007) 0.456
Sensitivity 0.68 0.70 0.019 (0.009 to 0.030) < 0.001
Specificity 0.57 0.56 -0.008 (-0.016 to -0.002) 0.010
F1 score 0.65 0.66 0.009 (0.003 to 0.017) 0.004
Macro F1 0.62 0.63 0.005 (-0.001 to 0.011) 0.129

±30-Day Portal-Message Window

Metric Clinical
notes

Combined Difference with 95% CI Bootstrap
p-value

Accuracy 0.62 0.63 0.005 (-0.003 to 0.014) 0.288
Precision 0.61 0.61 -0.002 (-0.010 to 0.006) 0.599
Sensitivity 0.67 0.71 0.040 (0.027 to 0.053) < 0.001
Specificity 0.58 0.55 -0.03 (-0.040 to -0.019) < 0.001
F1 score 0.64 0.65 0.016 (0.007 to 0.026) < 0.001
Macro F1 0.62 0.62 0.004 (-0.005 to 0.012) 0.415

Table 3. Themes identified during review of portal messages from the 34 additional PHQ-8-positive patients.

Type of Information Count Short Portal Example (De-identified)

Depressed mood 14 “I’m getting extremely depressed and looking for solutions”
Emotional distress 13 “Unfortunately I’ve been having panic attacks and heightened anxiety

lately. . . with nothing to combat it with.”
Fatigue or low energy 10 “I feel fatigued. I slept all weekend and that is not like myself.”
Explicit request for mental
health help

9 “I need a therapist to talk to about my cancer and being terminally
ill. Can you please put me in touch with someone?”

Sleep disturbance 8 “I haven’t slept in 4 nights. This has never happened before.”
Appetite / weight changes 7 “I have a loss of appetite and barely eat.”
Feelings of hopelessness or
worthlessness

3 “I have no plan from you. . . I passed around like a rag doll.”

Loss of interest or pleasure
(anhedonia)

1 “He has been anhedonic and mostly sitting around doing nothing. . .
doesn’t seem to have the motivation or interest in doing anything.”

Suicidal thoughts or self-harm
concerns

1 “It’s like I’m having so much anxiety that it’s crippling me and I just
want to kill myself!”

Financial or occupational
stress

1 “The bill is unexpected and I can’t afford to pay. I have already had
choose between eating and paying bills.”

ing 173 (20.2%) patients had no lexicon-detected depressive symptom domains. Among the 685
lexicon-observable patients, the LLM correctly identified 523, corresponding to an observable-
case sensitivity of 0.76. Of the model’s 287 false negatives, 125 were lexicon-unobservable,
whereas 162 contained detectable depressive content but were missed by the model. The LLM
also produced positive predictions for 48 PHQ-8-positive patients whose notes contained no
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lexicon-detected symptom domains, as presented in Table 4.

3.4. Sensitivity to the Operational Definition of Observability

In addition to the primary decomposition at τ = 1, we repeated the analysis using thresholds
of two, three, and four detected symptom domains (Table 4). As the threshold increased,
lexicon-defined observability decreased, whereas sensitivity among lexicon-observable patients
increased because the subgroup was restricted to patients with more explicit symptom content.
Correctly predicted PHQ-8-positive patients classified as lexicon-unobservable increased from
48 at τ = 1 to 437 at τ = 4. Thus, lower Cτ values at stricter thresholds partly reflected
reclassification of patients with fewer detected domains rather than the absence of lexicon-
detected depressive content. We retained τ = 1 as the primary threshold because it provided
the most inclusive definition of documented symptom content.

Table 4. Decomposition of PHQ-8-positive patients across lexicon-defined observability thresholds.

Threshold TPobs/FNobs TPunobs/FNunobsUnobservable
positives

Cτ Sensitivityobs

≥ 1 domain 523 / 162 48 / 125 173 0.80 0.76
≥ 2 domains 415 / 84 156 / 203 359 0.58 0.83
≥ 3 domains 286 / 42 285 / 245 530 0.38 0.87
≥ 4 domains 134 / 12 437 / 275 712 0.17 0.92

3.5. Content-Conditioned Abstention and Coverage Tradeoffs

As shown in Figure 3, by increasing the content threshold, coverage decreased and the retained
set became increasingly enriched for PHQ-8-positive patients. Sensitivity and positive-class F1

improved, whereas specificity declined. However, selective risk did not consistently decrease,
and the model’s advantage over the threshold-specific trivial classifier narrowed and became
slightly negative at the lowest coverage. These findings indicate that content-conditioned ab-
stention improved case detection primarily through class enrichment rather than through
greater overall predictive reliability.

Fig. 3. Content-conditioned abstention across coverage levels. Panel A shows model and trivial-
classifier risk; Panel B shows retained-set sensitivity, specificity, and positive-class F1.
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3.6. Manual Validation of Lexicon-Unobservable Cases

In the blinded semantic audit, clinically meaningful depressive-symptom evidence was iden-
tified in 35 of 48 (72.9%) lexicon-unobservable true positives and 6 of 48 (12.5%) lexicon-
unobservable false negatives. In true-positive cases, this evidence often consisted of indirect
or contextual expressions not captured by the lexicon. Inter-rater agreement was strong
(κ = 0.85). These findings indicate that lexicon-defined unobservability was instrument-
relative: some notes contained meaningful symptom information beyond the lexicon, whereas
cases negative by both the lexicon and model more often contained limited evidence.

4. Discussion

This study introduces a lexicon-based observability-aware framework that helps to distinguish
failure to recognize available phenotype-relevant evidence from limited availability of that
evidence in the analyzed text. We demonstrated the framework in palliative care, a setting in
which depressive symptoms may overlap with serious illness and treatment effects, although
the empirical estimates remain specific to this population and institution.

Conventional sensitivity treats all missed outcome-positive cases identically. Among the
287 PHQ-8-positive patients missed by the clinical-note model, 125 had no lexicon-detected
depressive-symptom domains, whereas 162 contained lexicon-detected content but were still
missed. Sensitivity was therefore higher among lexicon-observable positive cases than in the
full cohort, 0.76 versus 0.67. This decomposition indicates whether improvement efforts should
target model recognition or broader availability of phenotype-relevant evidence.

The blinded audit showed that the lexicon was informative but incomplete. Clinically
meaningful depressive-symptom evidence was substantially more common among lexicon-
unobservable true positives than false negatives, suggesting that the LLM recognized indirect
or contextual evidence beyond explicit symptom terminology, whereas cases classified as neg-
ative by both the lexicon and model more often reflected limited documentation. Although
the audit estimates remain imprecise, their confidence intervals did not overlap and inter-
rater agreement was strong. Accordingly, Cτ = 0.80 should be interpreted as a lexicon-defined
observability proportion rather than a universal ceiling on text-based model performance.

Portal messages provided a complementary measurement channel. Adding them to clini-
cal notes increased sensitivity from 0.67 to 0.71 and identified 34 additional PHQ-8-positive
patients, often through psychosocial information that was absent from or insufficiently repre-
sented in the notes. However, specificity decreased from 0.58 to 0.55, suggesting that the logical
OR strategy is better suited to screening and case prioritization than diagnostic classification.

Content-conditioned abstention did not consistently improve predictive reliability. Re-
stricting evaluation to notes with more lexicon-detected symptom domains increased sen-
sitivity and positive-class F1 but reduced specificity, enriched the retained population for
PHQ-8-positive patients, and did not lower selective risk. These gains therefore reflected case
enrichment rather than improved error control, making content-based restriction more useful
for prioritization than reliability-enhancing rejection.

Observability-aware evaluation is applicable when reference standards and model inputs
arise from different measurement channels, because conventional metrics alone cannot dis-
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tinguish unavailable evidence from model-recognition failure. Studies using patient-reported
outcomes, quality-of-life measures, or other independently collected labels should define and
validate an input-specific observability instrument, jointly stratify outcome-positive cases by
observability and model prediction, and report observable-subset performance alongside full-
cohort performance. This decomposition can indicate whether improvements should focus on
stronger models, broader or more appropriate text sources, or direct collection of the tar-
get outcome. Although the instrument must be adapted to each phenotype, setting, and text
source, performance should be interpreted in relation to the information available to the model.

When structured or patient-reported outcomes are unavailable, agreement and disagree-
ment between lexicon and model predictions may help prioritize patients for formal depressive-
symptom screening or additional review. Concordant negative signals may indicate limited
documented evidence but cannot exclude depressive symptoms. This text-only triage applica-
tion was not evaluated and requires prospective validation.

Several limitations should be considered. Observability depended on the terms, symptom
domains, and contextual filters included in the rule-based lexicon, and the semantic audit
included only 48 lexicon-unobservable true positives and 48 lexicon-unobservable false nega-
tives. Requiring portal-message availability may have introduced selection related to digital
access, health literacy, healthcare engagement, and socioeconomic factors. Findings from this
palliative-care population may not generalize to settings in which depressive symptoms are
expressed or documented differently. Finally, this retrospective, single-system study evaluated
one instruction-tuned LLM, prompting configuration, phenotype, and PHQ-8 threshold. Al-
though the framework is independent of these choices, external and prospective studies are
needed across institutions, models, text sources, populations, and phenotyping tasks.

5. Conclusion

Evaluation of language-based clinical phenotyping against independently collected patient-
reported outcomes faces an interpretability problem: conventional sensitivity cannot distin-
guish cases missed despite relevant textual evidence from cases with little or no detectable
evidence. Our observability-aware framework addresses this problem by stratifying outcome-
positive patients by model prediction and lexicon-defined evidence availability. Portal mes-
sages broadened case detection by contributing patient-generated symptom information in-
sufficiently represented in clinical notes. Content-conditioned abstention enriched the retained
population for positive cases but did not reduce overall prediction error, supporting screening
prioritization rather than reliability-enhancing rejection. Observability-aware analysis there-
fore provides a practical framework for interpreting language-based phenotyping when refer-
ence standards and model inputs arise from different measurement channels.
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Text Knows What, Tables Know When: Clinical Timeline Reconstruction via
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Clinical language models increasingly operate over electronic health records (EHRs), yet
patient records are not stored as temporally grounded trajectories. Clinical notes describe
symptoms, assessments, and disease progression, but often compress or narratively reorder
events. Structured EHR rows provide timestamps for labs, medications, vitals, and pro-
cedures, but capture only part of the clinical story. We formulate clinical timeline recon-
struction as retrieval-augmented temporal grounding: constructing a patient trajectory by
using narrative text for event semantics and structured rows as partial temporal evidence.
We introduce a scaffolded workflow that extracts central narrative events, builds an initial
temporal scaffold, attaches non-central events, and calibrates timestamps using retrieved
structured EHR rows. We evaluate on 40 discharge summaries, including 15 i2b2-derived
and 25 MIMIC-IV summaries, each with manual gold-standard timelines and aligned struc-
tured EHR data. Across models, multimodal calibration left event match rates largely un-
changed and generally improved temporal performance: mean paired case-level multimodal–
unimodal differences were positive in 7 of 12 model-metric comparisons across concordance
and AULTC, with none negative. However, uncertainty was substantial given the 40-case
sample; paired case-level bootstrap intervals excluded zero only for the DeepSeek V3.2
AULTC improvement. A gap analysis shows that 35.1% of text-derived events have no
structured counterpart. These findings support treating structured EHR data as partial
temporal evidence for narrative-derived patient trajectories.

Keywords: Clinical timeline reconstruction; electronic health records; clinical narratives;
retrieval-augmented generation; multimodal alignment; large language models

1. Introduction

Time is central to clinical reasoning in critical care. Patients often follow rapidly evolving
trajectories, requiring symptoms, physiologic measurements, treatments, and outcomes to be
interpreted relative to admission, deterioration, intervention, and recovery. Sepsis trajectories
exemplify this challenge. Although Sepsis-3 remains important for trial eligibility and compu-
tational phenotyping,1,2 sepsis is better understood as a set of heterogeneous clinical trajec-
tories with a shared dysregulatory response rather than as a single, uniform course. Similar

∗ These authors contributed equally to this work.
© 2026 The Authors. Open Access chapter published by World Scientific Publishing Company and
distributed under the terms of the Creative Commons Attribution Non-Commercial (CC BY-NC)
4.0 License.
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A 67-year-old man with atrial
fibrillation on a direct-acting 
oral anticoagulant is found down
at home and brought in as a stroke
alert. Last-known-well time is
0730. He follows commands but is 
non-verbal/aphasic with dense
right arm plegia. Initial CT shows
left frontal lobar intracerebral
hemorrhage with estimated hematoma
volume ~55 mL, with no intra-
ventricular hemorrhage or hydro-
cephalus. Reversal agent was admi-
nistered, and repeat CT is stable.
__________________________________ 
__________________________________ 
__________________________________ 
______________________________ 
_____________________________

Clinical Note (T)

Event Value Timestamp 
                        04/14/2026
     13:00
                     04/14/2026
    19:00

 

  ...

                      04/14/2026
   880mg  19:30

  ...

Admission

neurosurgery 
note created 
/pended

IV Andexanet 
alfa admini-
stered

Structured EHR Rows (R)

Speech
deficit

Timeline
0h-3h-6h 3h 6h 9h

• Last-known-well 
at 07:30

Text-derived event time

Structured EHR anchor

Calibrated event time

Text-only estimate

Narrative text preserves:

• Last-known-well and 
presentation context

• Aphasia and dense right 
arm plegia

• Hemorrhage location and 
volume

• Repeat CT stability

Structured rows calibrate:

• Admission reference time

• Precise reversal agent timing 
via IV Andexanet alfa

Result:

• Clinical phenotype remains 
narrative derived

• Reversal agent administration 
shifts from +1.5h to +6.5h

• Initial CT showed intracerebral hemorrhage
• Left frontal lobar location of hemorrhage
• Estimated hematoma volume ∼55 mL

• 67 years old 
• Atrial fibrillation
• Admitted/brought in 
as stroke alert

• Dense right arm plegia 
• Follows commands

• Found down at home • Reversal agent was 
administered 

• Repeat CT was stable 

(-5.5h) (-1h) (0h) (0.5h) (1.5h) (8.5h)

(0h) (6h)(6.5h)

• Admission • Neurosurgery note 
created/pended

• IV Andexanet alfa 
administered

(6.5h)

+1.5h → +6.5h

(A) Text-only Reconstruction: Rich phenotype, ambiguous intervention time

(B) Retrieval-augmented Alignment: Selective tabular correction

Structured Anchors
(EHR Rows)

Extracted Events
(Text-only)

Fig. 1. Motivation for retrieval-augmented temporal grounding using a synthetic stroke-alert case
constructed for illustration. (A) Text-only reconstruction can recover clinically meaningful narrative
events, but intermediate event times may remain ambiguous. (B) Retrieved structured EHR rows
provide partial temporal evidence that can calibrate text-derived events when clinically relevant,
improving temporal placement while preserving narrative event content.

temporal challenges extend across critical illness: risk forecasts depend on when evidence be-
comes available; treatment-response analyses require distinguishing pre- and post-intervention
measurements; and retrospective cohort definitions may change when the timing of symptom
onset, diagnostic testing, or treatment initiation is misaligned. This increasing focus on tempo-
ral structure is evident in early-warning systems,3 studies showing that predictive utility varies
with timing,4 and research on the temporal characteristics of sepsis subtypes and progression.5

The growing emphasis on time in critical care reveals an important methodological gap:
electronic health records (EHRs) are not organized as temporally grounded patient trajecto-
ries. Critical-care repositories such as MIMIC-III/IV6,7 make this challenge explicit by combin-
ing structured time-series measurements with narrative clinical documentation. These modal-
ities provide complementary but asymmetric evidence for timeline construction (Figure 1).
Structured rows offer relatively precise temporal information from laboratory results, medica-
tions, procedures, vital signs, diagnoses, and administrative events. Clinical narratives, by con-
trast, provide richer accounts of the patient course, including symptoms, clinician assessments,
patient-reported histories, functional status, disease progression, and contextual modifiers. For
example, a note describing “increasing lethargy and peripheral mottling” may precede an in-
crease in Sequential Organ Failure Assessment (SOFA) scores. Similarly, documented oliguria
despite stable creatinine may indicate clinically meaningful states that structured measure-
ments do not fully capture.

Recent studies point to both the promise and the difficulty of this problem. Multimodal
annotation of discharge summaries aligned with structured EHR data demonstrated that
access to both modalities can improve the precision of inpatient event timelines, highlighting
the value of structured rows as temporal evidence when aligned with the narrative record.8

At the same time, text-only timeline reconstruction remains challenging in realistic EHR-
style notes, where dense event structure, abbreviations, and semi-structured formatting make
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Fig. 2. Overview of the scaffolded retrieval-augmented timeline reconstruction workflow. The
method first extracts central events from the clinical narrative, estimates pairwise temporal rela-
tions, and builds an initial central-event scaffold. Retrieved structured EHR rows are then used to
calibrate this scaffold. Non-central events are extracted and attached relative to central events, after
which a final retrieval-augmented refinement step calibrates the complete timeline.

both event recovery and time assignment difficult.9,10 Together, these findings motivate more
explicit alignment between text-based and tabular approaches, with the goal of improving
temporal precision while preserving the richer event content available in narrative text.11,12

In this work, we investigate whether aligning retrieved structured EHR evidence with
text-derived event timelines can improve the temporal precision of reconstructed patient tra-
jectories. Our retrieval-augmented multimodal approach integrates structured rows directly
into timeline reconstruction rather than treating textual and tabular data as separate views.
The multistep pipeline first identifies temporally informative central events and uses them to
create an initial scaffold of the patient trajectory. It then positions additional events relative
to this scaffold and refines the resulting timeline using retrieved structured evidence. This de-
composition reflects a clinically natural distinction between events that form the backbone of
an encounter and those whose timing is best interpreted relative to that backbone. Using this
framework, we assess whether and where multimodal alignment improves on text-only time-
line reconstruction. Specifically, we examine the effects of introducing structured evidence
at different stages of the reconstruction workflow, determine whether improvements are con-
centrated in temporal metrics rather than event recovery, and analyze which prognostically
relevant information appears in text but is missing or delayed in tabular data.

Contributions. In summary, the paper makes the following contributions. (i) Tem-
poral grounding formulation: We formulate clinical timeline reconstruction as retrieval-
augmented temporal grounding of narrative-derived patient trajectories using structured EHR
evidence. (ii) Multimodal scaffolded reconstruction workflow: We introduce a work-
flow that uses anchor events as a temporal backbone and retrieved structured rows as partial
evidence for timestamp calibration. (iii) Multimodal timeline evaluation: We evaluate
multimodal calibration on 40 discharge summaries with aligned structured EHR rows and
manual gold-standard timelines, testing whether structured evidence improves temporal lo-
calization more than event recovery. (iv) Information missing from tabular data: We
provide an empirical analysis of clinically relevant events that are absent, delayed, or seman-
tically compressed in structured tabular data, motivating why unstructured text is necessary
for constructing clinically meaningful patient trajectories.
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2. Related Work

Clinical temporal information extraction. Clinical timeline reconstruction builds on a
long tradition of temporal reasoning and temporal information extraction in medicine.13,14

Early annotation schemes and shared tasks, including i2b2 and THYME, focused on iden-
tifying clinical events, time expressions, and temporal relations such as before, after, over-
lap, and containment.15–18 Systems such as MedTime and cTAKES-temporal operationalized
these ideas for clinical notes by extracting time expressions and temporal relations.19–21 Pre-
LLM work also studied patient timelines and longitudinal record summarization, including
timeline generation from clinical notes and HARVEST for summarizing longitudinal patient
records.22,23 These studies established the importance of temporal structure in clinical nar-
ratives, but primarily focused on temporal annotation, relation extraction, or summarization
rather than grounding narrative-derived absolute timelines in structured EHR evidence.

LLM-based clinical timeline reconstruction. Recent work has moved from relation-
centered temporal extraction toward absolute event timelines. Leeuwenberg and Moens stud-
ied absolute event timeline extraction from English clinical reports, while Frattallone-Llado
et al. showed that aligning discharge summaries with structured EHR data can improve in-
patient event timeline precision.8,24 Textual time-series work has further shown that clinical
narratives can be converted into event–time tuples for temporal forecasting, but these ap-
proaches are primarily text-only and do not use structured EHR rows as calibration evidence
during reconstruction.9,10,25,26 Recent shared tasks such as ChemoTimelines have renewed in-
terest in patient-level clinical timeline extraction using prompting, fine-tuning, and dictionary-
enhanced LLM systems.27,28 Our work differs from these efforts by treating timeline recon-
struction as multimodal temporal grounding: narrative text supplies event semantics, while
structured EHR rows are retrieved as partial temporal evidence for timestamp calibration.

Asymmetric evidence in structured and narrative EHR data. Clinical machine learn-
ing studies have shown that structured and unstructured EHR data encode complementary in-
formation for phenotyping, prediction, and patient representation.11,12,29 Structured data pro-
vide dense timestamped measurements, but often omit symptoms, functional status, patient-
reported histories, and clinical reasoning. Narrative notes preserve this context, but are often
retrospective and not organized as chronological trajectories. This asymmetry makes clinical
timeline reconstruction different from standard multimodal fusion: the goal is not to merge
two complete views of the same event sequence, but to use structured rows as partial tem-
poral evidence for a narrative-derived patient trajectory. Our retrieval-augmented scaffolded
workflow is designed for this setting, selecting candidate structured rows for each text-derived
event and updating timestamps only when the retrieved evidence is clinically relevant.

3. Methods

3.1. Clinical timeline task and dataset

Given a clinical narrative T and associated structured EHR rows R, the goal is to reconstruct a
textual time series Ŝ = {(ei, t̂i)}Ni=1, where each ei is a standalone clinical event and each t̂i ∈ R
is its predicted timestamp in hours relative to a case-specific reference time. When hospital
admission is explicitly described, we use admission as t = 0; otherwise, we use the earliest
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documented clinical encounter or presentation in the narrative. Events before the reference
time receive negative timestamps, and events after it receive positive timestamps.

A clinical event is any patient-specific health-related mention that is semantically inter-
pretable on its own and temporally locatable, including symptoms and signs, diagnoses, tests,
procedures, treatments, medication administrations, major clinical states, outcomes, pertinent
negatives, and termination or discontinuation events. Our event representation follows prior
textual time-series work,9,25,26,30 but differs from short-span, concept-centric schemes such
as i2b2.15,16 We represent events as standalone clinical findings: spans may include context
needed for clinical specificity, conjunctive mentions are split when doing so improves clarity,
and modifiers such as negation, uncertainty, severity, laterality, and intent are preserved when
they affect event interpretation or temporal placement.

Our evaluation uses 40 discharge summaries with manual gold-standard timelines and
aligned structured EHR rows: 15 i2b2-derived discharge summaries and 25 MIMIC-IV
discharge summaries. All cases have structured EHR rows aligned to the same hospital en-
counter. MIMIC-style critical-care records are well suited for this setting because they pair nar-
rative clinical documentation with timestamped structured data, including laboratory values,
medication administrations, vital signs, procedures, diagnoses, and administrative events.6,7

For each case, the narrative note provides the source text for event reconstruction, while the
structured record provides external temporal evidence. We convert structured-row timestamps
to hours relative to the same case-specific reference time used for the narrative timeline. Each
structured row rm ∈ R is represented as rm = (νm, xm, sm), where νm is the row name or clinical
feature, xm is the observed value when available, and sm is the timestamp in hours relative to
the reference time.

The 15 i2b2-derived cases were randomly sampled from eligible cases; the 25 MIMIC-IV
cases were sampled at the patient level, using the first discharge summary for five randomly
sampled patients and one randomly selected summary for 20 others, without enrichment for
diagnosis, temporal richness, or encounter complexity. Three medical experts annotated dis-
joint subsets; every case was annotated once from the note and aligned structured record, so
no adjudication or inter-annotator agreement was available (Supplementary Material §S1).

We treat structured rows as temporal evidence rather than gold-standard timeline events.
Structured EHR tables contain dense repeated measurements, medication records, and
machine-generated entries, many of which are not standalone narrative events. Conversely,
clinically meaningful narrative events, such as symptoms, functional status, patient-reported
histories, and clinical reasoning, may not have direct structured counterparts. Our method
therefore uses structured rows to calibrate text-derived event times when clinically relevant,
rather than forcing all structured rows into the reconstructed timeline.

3.2. Scaffolded retrieval-augmented multimodal timeline reconstruction

Our workflow is designed around three principles. First, it anchors before expanding: the model
identifies temporally informative anchor events before reconstructing the full event set. Second,
it retrieves candidate structured evidence rather than forcing every narrative event to align
to a structured row. Third, it uses preserve-by-default calibration: event times are updated
only when retrieved structured evidence is clinically relevant and temporally plausible. The
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workflow proceeds in seven clinically interpretable steps (Figure 2).a

(1) Step 1: Extract anchor events. The model first identifies temporally informative an-
chor events, also referred to as central events, that define the encounter backbone or
serve as temporal referents for other events. Examples include admission, symptom onset,
treatment initiation, clinical deterioration, procedures, transfers, and discharge.

(2) Step 2: Estimate timing among anchors. The model estimates pairwise time differ-
ences (in hours) between selected anchor events.

(3) Step 3: Build an initial anchor timeline. The pairwise relations between anchor events
are resolved into a provisional timeline backbone in hours relative to the case reference
time. When estimates conflict, the model uses higher-confidence relations and the source
narrative to construct the initial scaffold.

(4) Step 4: Calibrate anchors using structured evidence. For each anchor event, re-
trieved structured EHR rows are provided to the calibration model together with the
narrative and provisional scaffold. The model updates an anchor time only when the
structured row clinically supports the change; otherwise, the text-derived estimate is re-
tained.

(5) Step 5: Extract non-anchor supporting events relative to anchors. After anchor
calibration, the model extracts remaining non-anchor events and attaches each event to
a referent anchor with a relative time offset and confidence score. These events include
symptoms, exam findings, pertinent negatives, severity descriptors, functional status, med-
ication details, and contextual clinical information.

(6) Step 6: Assemble the full timeline. The calibrated anchor times and relative
supporting-event offsets are combined into an initial complete timeline, converting all
events into absolute times in hours relative to the case reference time.

(7) Step 7: Refine the complete timeline using structured evidence. Structured rows
are retrieved again for all reconstructed events, not only anchors. The model performs
a final conservative calibration pass, updating timestamps when retrieved rows provide
clinically consistent temporal evidence and preserving text-derived times otherwise. The
output is a temporally grounded textual time series containing clinically meaningful nar-
rative events with calibrated timestamps when structured evidence is relevant.

Retrieval and calibration module. The same retrieval module is used in Step 4 and Step 7.
Structured rows are represented by concatenating the row event name and value; timestamps
are excluded from the embedding text and passed separately to the calibration model. Rows
with the same event name and value are merged, with timestamps represented in hours rela-
tive to the case reference time. We embed event strings and structured-row representations us-
ing MedTE (mohammadkhodadad/MedTE-cl15-step-8000), mean-pool and L2-normalize the
embeddings, and rank rows by cosine similarity. For each event, we retrieve the top k = 5

structured rows with no fixed similarity threshold. The calibration model receives each row as
name | value | time | similarity. Calibration follows a preserve-by-default rule: cosine

aStep-specific prompts and the full reproducibility pipeline are available in our GitHub repository:
https://github.com/SayantanKumar/multimodal_textual_tabular_alignment
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similarity ranks candidates, irrelevant rows are disregarded, the initial time is retained when
no relevant evidence justifies a change, and narrative context resolves repeated timestamps or
conflicting rows. The complete decision rule appears in Supplementary Material §S2. We also
evaluated k = 3, k = 5, and k = 10, finding negligible performance differences but increased
runtime for larger k.

This design treats retrieval as evidence selection rather than forced temporal alignment.
Methods such as dynamic time warping assume that two sequences share an approximately
comparable event universe and can be aligned through a monotone path. Clinical narratives
and structured EHR rows often violate this assumption: many narrative events have no struc-
tured counterpart, while structured tables contain dense repeated measurements, medication
records, and charted observations that are not standalone narrative events. Our workflow
therefore allows structured evidence to calibrate event times when appropriate without re-
quiring every narrative event to have a tabular match.

3.3. Experimental setup

Baselines and ablations. We compare the default scaffolded multimodal workflow against
text-only, single-step, stage-specific, and forced-alignment baselines. Text-only reconstruc-
tion uses the same scaffolded workflow but removes both structured-EHR calibration
steps, testing whether retrieved structured evidence improves temporal localization beyond
narrative-only reconstruction. Single-step multimodal reconstruction directly generates
a complete timeline from the narrative and retrieved structured rows without constructing an
anchor-event scaffold, testing whether the staged anchor/non-anchor decomposition is useful
beyond simply adding retrieved evidence to the prompt. To isolate where structured evi-
dence contributes, we compare two stage-specific ablations: anchor-only calibration, which
calibrates the anchor scaffold but omits final full-timeline calibration, and final-only cali-
bration, which reconstructs the full timeline from text before applying structured-EHR cal-
ibration. The default workflow applies both anchor-stage and final-stage calibration. Finally,
dynamic time warping (DTW) serves as a forced temporal-alignment baseline that at-
tempts to align text-derived events with structured rows through sequence alignment rather
than retrieval-based evidence selection followed by clinical calibration.

Evaluation metrics. We evaluate predicted timelines along two complementary dimensions:
event recovery and temporal localization, adapted from prior textual time-series work.9,25 Be-
cause predicted and reference timelines may differ in length and event wording, we first align
predicted events to manually annotated reference events using a recursive best-match pro-
cedure. This produces a one-to-one alignment between predicted and reference events while
accommodating unequal timeline lengths. Event match rate is the proportion of reference
clinical events successfully aligned to a predicted event. Temporal metrics are computed on the
matched subset. Temporal concordance (c-index) measures whether the predicted timeline
preserves the relative ordering of events in the manual reference.Area Under the Log-Time
Cumulative Distribution Function (AULTC) summarizes absolute timestamp discrep-
ancy on a log-transformed time scale, with higher values indicating smaller timestamp errors
across clinically meaningful ranges. Because concordance and AULTC are computed only over
matched events, they should be interpreted jointly with event match rate. We estimate un-

Pacific Symposium on Biocomputing 2027

336



Table 1. Performance on 40 discharge summaries at event-matching threshold 0.1 for unimodal and
multimodal timeline reconstruction. Values are point estimates with bootstrap 95% confidence intervals
in brackets. Bold indicates the best point estimate within each metric–modality column.

Model
Event match rate Concordance AULTC

Unimodal Multimodal Unimodal Multimodal Unimodal Multimodal

DeepSeek R1 0.39 [0.32, 0.47] 0.39 [0.32, 0.47] 0.75 [0.69, 0.79] 0.75 [0.70, 0.80] 0.80 [0.76, 0.82] 0.79 [0.77, 0.82]

KimiK2-Instruct 0.26 [0.21, 0.29] 0.25 [0.22, 0.30] 0.73 [0.69, 0.76] 0.74 [0.68, 0.81] 0.68 [0.61, 0.73] 0.68 [0.62, 0.73]

GPT-OSS-120B 0.32 [0.27, 0.37] 0.32 [0.28, 0.37] 0.74 [0.70, 0.77] 0.75 [0.71, 0.80] 0.76 [0.72, 0.80] 0.77 [0.74, 0.81]

DeepSeek V3.2 0.49 [0.43, 0.56] 0.49 [0.43, 0.56] 0.74 [0.70, 0.80] 0.77 [0.73, 0.81] 0.71 [0.64, 0.78] 0.77 [0.73, 0.81]

GLM5 0.33 [0.27, 0.39] 0.33 [0.27, 0.40] 0.80 [0.78, 0.83] 0.82 [0.75, 0.84] 0.78 [0.73, 0.82] 0.78 [0.73, 0.82]

Qwen3.5-397B-A17B 0.38 [0.28, 0.47] 0.40 [0.29, 0.51] 0.78 [0.72, 0.81] 0.79 [0.78, 0.82] 0.74 [0.68, 0.77] 0.77 [0.74, 0.78]

certainty using case-level bootstrap confidence intervals. Each bootstrap sample resamples
discharge summaries with replacement and recomputes event matching and timeline met-
rics, preserving within-case dependence among events. We report 95% confidence intervals for
the reconstruction metrics using 200 bootstrap resamples. For direct multimodal–unimodal
comparisons, we additionally used 10,000 paired case-level resamples and report confidence
intervals for the mean within-case differences in Supplementary Material §S3, Table S1. All
implementation and reproducibility details are presented in Supplementary Material §S8.

4. Results

4.1. Structured EHR evidence calibrates event timing while preserving
event recovery

Table 1 summarizes timeline reconstruction performance for text-only reconstruction and mul-
timodal reconstruction with retrieved structured EHR evidence. Across models, multimodal
calibration has little effect on event match rate, indicating that structured rows do not pri-
marily expand the set of events recovered from narrative text. Instead, structured evidence
primarily affects temporal localization, with effects that vary by model and metric. These re-
sults support the role of structured rows as temporal evidence for text-derived events, rather
than as a substitute event source.

Mean paired case-level temporal differences generally favored multimodal calibration: 4
of 6 models showed higher concordance and 3 of 6 showed higher AULTC, while no model
showed lower performance on either temporal metric. However, uncertainty was substantial:
no paired confidence interval for the multimodal–unimodal concordance difference excluded
zero, and only DeepSeek V3.2 showed an AULTC interval entirely above zero (Supplementary
Material §S3, Table S1). Performance was generally higher on the i2b2-derived subset, but
modality effects were source-dependent (Supplementary Material §S5, Tables S3–S4).

Because event match rate depends on the semantic matching threshold used to align pre-
dicted and reference events, we also vary the event-matching threshold and examine the re-
lationship between event recovery and temporal quality. Figure 3 shows AULTC and concor-
dance as functions of event match rate across thresholds. Across operating points, multimodal
reconstruction generally occupies a similar event-recovery range as text-only reconstruction
while changing temporal performance, especially AULTC, for several models. This supports
the same broad conclusion as Table 1: retrieved structured rows primarily affect temporal
calibration rather than event discovery.
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Fig. 3. Temporal performance versus event match rate across event-matching thresholds for uni-
modal and multimodal variants of each model on the 40-summary evaluation set. (Left) AULTC
versus event match rate. (Right) Temporal concordance versus event match rate.

Scaffold ablations. Table 2A evaluates whether the staged scaffolded workflow is necessary,
or whether similar performance can be obtained by generating a complete timeline in one step
with retrieved structured rows. The single-step formulation performs worse than the full scaf-
folded variant, suggesting that clinical timeline reconstruction benefits from first identifying
temporally informative anchor events before reconstructing the full event set. The stage at
which structured evidence is introduced also matters. Final-stage calibration yields the highest
event match rate, but the strongest temporal metrics are obtained when structured evidence
is used both to calibrate the anchor scaffold and to refine the final assembled timeline. This
supports the design choice of using structured rows first to stabilize the temporal backbone
of the encounter and then to recalibrate the expanded trajectory.

Table 2. (A) DeepSeek V3.2 scaffold and calibration-stage ablations with bootstrap 95% confidence
intervals. (B) Retrieval calibration compared with sentence-embedding and lexical Dynamic Time
Warping (DTW) alignments.
A. Scaffold and calibration-stage ablations

Ablation
Event match rate Concordance AULTC

Unimodal Multimodal Unimodal Multimodal Unimodal Multimodal

single-step 0.39 [0.35, 0.45] 0.39 [0.35, 0.44] 0.70 [0.65, 0.74] 0.71 [0.65, 0.75] 0.78 [0.74, 0.83] 0.77 [0.73, 0.83]
central only – 0.46 [0.42, 0.51] – 0.72 [0.66, 0.77] – 0.75 [0.71, 0.80]
final only 0.51 [0.46, 0.56] 0.52 [0.46, 0.58] 0.68 [0.64, 0.72] 0.69 [0.64, 0.72] 0.72 [0.67, 0.78] 0.73 [0.69, 0.78]
central + final 0.49 [0.43, 0.56] 0.49 [0.43, 0.56] 0.74 [0.70, 0.80] 0.77 [0.73, 0.81] 0.71 [0.64, 0.78] 0.77 [0.73, 0.81]

Note: Central-only, final-only, and central + final correspond to updating the anchor scaffold only, the final timeline only, or both stages,
respectively. The central-only condition yields a single final timeline and is undefined for the unimodal setting.

B. Retrieval calibration vs. explicit temporal alignment (Dynamic Time Warping)

Model
Event match rate Concordance AULTC

Retrieval DTW(Sent) DTW(Lex) Retrieval DTW(Sent) DTW(Lex) Retrieval DTW(Sent) DTW(Lex)

DeepSeek R1 0.39 0.39 0.39 0.75 0.75 0.74 0.79 0.80 0.79
KimiK2-Instruct 0.25 0.26 0.26 0.74 0.74 0.73 0.68 0.68 0.68
GPT-OSS-120B 0.32 0.32 0.32 0.75 0.73 0.73 0.77 0.77 0.77
DeepSeek V3.2 0.49 0.49 0.49 0.77 0.76 0.77 0.77 0.77 0.77
GLM5 0.33 0.33 0.33 0.82 0.81 0.81 0.78 0.78 0.77
Qwen3.5-397B-A17B 0.40 0.40 0.40 0.79 0.79 0.79 0.77 0.77 0.77

Explicit temporal alignment. We also compare retrieval-based calibration with dynamic
time warping (DTW), an explicit temporal-alignment baseline that aligns text-derived events
with structured rows as sequences (Table 2B). The two approaches achieve broadly compa-
rable accuracy: DTW is slightly higher for some model–metric pairs, while retrieval-based
calibration is slightly higher for others, and the differences are small relative to the variability
reflected by the bootstrap confidence intervals in Table 1. Retrieval and DTW therefore show
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Table 3. Structured-data gap analysis. Each text-derived event is compared with structured
EHR counterparts from the same encounter.

Category Definition Count (%)

Well captured Semantically adequate structured counterpart within the temporal window 2,827 (33.5%)

Complete absence No structured counterpart identified 2,963 (35.1%)

Temporal mismatch Semantically related structured row exists but occurs outside the temporal window 1,463 (17.3%)

Semantic distance Retrieved row is not clinically equivalent to the narrative event 801 (9.5%)

Detail gap Structured row omits clinically important attributes such as severity, laterality, duration,
progression, or functional status

385 (4.6%)

Total textual events – 8,439

comparable aggregate accuracy rather than quantitative superiority. Their principal distinc-
tion is structural: retrieval presents event-specific candidates and can retain a text-derived
estimate when no adequate counterpart exists, whereas DTW imposes monotone sequence
alignment across modalities with incomplete and asymmetric event coverage.

4.2. Complementary coverage of narrative and structured records

The main reconstruction results show that structured rows can improve event timing when
used as calibration evidence. We next ask why structured records cannot simply replace nar-
rative text and then characterize which narrative-derived events are poorly represented in
structured EHR data; because this text-to-structure analysis does not assess structured-only
events, it supports complementarity rather than completeness of either modality. We compare
text-derived timelines against tabular records from the same encounters. The analysis uses the
best-performing LLM-generated event timelines as the textual view, MIMIC structured data
as the tabular view, and admission or the case reference time as the shared temporal anchor.
For each text-derived event, we retrieve a candidate tabular counterpart using embedding-
based similarity matching and evaluate it along two dimensions: semantic adequacy and tem-
poral alignment. Semantic adequacy is assessed using retrieval-augmented scoring on a 0–1
scale, while temporal alignment is measured as the absolute difference in hours between the
text-derived timestamp and the matched tabular timestamp. Based on these criteria, each
event is classified as well captured, complete absence, temporal mismatch, semantic
distance, or detail gap. Table 3 summarizes the distribution of these categories.

Across 8,439 text-derived events, only 33.5% are well captured by structured data, while
35.1% have no structured counterpart at all. When a structured counterpart exists, its times-
tamp is often useful: the median temporal discrepancy is 4.3 hours, with 58.4% of matched
events within 6 hours, 69.5% within 12 hours, and 79.3% within 24 hours. The missing events
are not merely low-value narrative detail; they include symptoms, functional status, temporal
qualifiers, patient-reported information, severity descriptions, and clinical context. Represen-
tative complete-absence examples include symptom descriptions such as “substernal chest
pain for 1 day” and “developed chest pain”; denial statements such as “no seizure-like
activity” and “no deformity”; temporal patterns such as “pain resolved” and “improving
clots on LE”; severity descriptors such as “EF 55%” and “non-small cell lung cancer stage
IIIA”; and causal or procedural context such as “intubated for several days after second
surgery” and “repair of leak from pouch.” These findings explain why structured rows are
useful for temporal calibration but incomplete as representations of patient trajectories.

4.3. Qualitative case study: text supplies phenotype, tables calibrate time
Figure 1 illustrates the qualitative behavior of the pipeline using a synthetic stroke-alert
case. The narrative supplies clinically decisive phenotype details, including lobar hemorrhage
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location, hematoma volume, aphasia, plegia, command following, absence of intraventricular
hemorrhage or hydrocephalus, and repeat-CT stability. The structured rows provide sparse
but precise temporal anchors, including admission time and IV andexanet alfa administration.
The text-only scaffold recovers the reversal event but places it shortly after the initial CT
at approximately +1.5h; retrieval-augmented calibration links the event to the medication-
administration row and shifts reversal to +6.5h relative to admission.

Pipeline output: calibrated event timeline

Event Time (h) Source / calibration note

Last known well at 0730 -5.5 Text clock time relative to admission

Found down at home -1.0 Text-derived estimate

67 years old 0.0 Text, admission context

Atrial fibrillation 0.0 Text, admission context

Admitted/brought in as stroke alert 0.0 Table, anchored by admission row at 1300

Dense right arm plegia 0.0 Text, anchored to admission

Follows commands 0.0 Text, anchored to admission

Initial CT showed intracerebral hemorrhage 0.5 Text-derived estimate

Estimated hematoma volume ∼55 mL 0.5 Text, anchored to initial CT

Left frontal lobar location of hemorrhage 0.5 Text, anchored to initial CT

Reversal agent was administered 6.5 Table, corrected by IV andexanet alfa at 1930

Repeat CT was stable 8.5 Text, inferred sequentially post-reversal

This case illustrates the asymmetry motivating the workflow. Text is necessary to re-
cover clinically meaningful phenotype information, while structured rows calibrate selected
time-sensitive events when relevant counterparts exist. The resulting trajectory could sup-
port human-reviewed cohort definition or eligibility logic by preserving narrative-only clinical
details while grounding treatment timing in structured evidence. For example, the 2024 EN-
RICH trial comparing surgical evacuation versus medical management had eligibility criteria
beyond what would be available in structured data alone.31 Structured data could show admis-
sion indication (hemorrhagic stroke), medication events (a confirmation proxy), and functional
status scores (neurologic and disability level), but the notes contain key additional ENRICH
eligibility features and timing: 55 mL hematoma volume (30 < x < 80), left frontal lobar loca-
tion (lobar/anterior basal ganglionic), aphasia/plegia (new onset of neurological symptoms),
no IVH/hydrocephalus and stable repeat imaging (feasibility), as well as localization of the
eligibility timing window (within 24 hours of last known well time).

5. Discussion and Conclusion
Our results suggest that the primary benefit of multimodal alignment is temporal calibration
rather than event discovery. Across models, structured evidence changed event recovery little,
while mean paired case-level temporal differences generally favored multimodal calibration:
7 of 12 model–metric comparisons across concordance and AULTC were positive and none
were negative. However, uncertainty in the magnitude of these improvements was substantial
given the 40-case sample; paired confidence intervals excluded zero only for the DeepSeek
V3.2 AULTC improvement. Source-stratified estimates also differed between i2b2-derived and
MIMIC-IV cases (Supplementary Material §S3 and §S5). Within the text-primary formulation,
narrative text defines the candidate event set and structured rows provide partial temporal
evidence; the results therefore establish the value of narrative content for events represented
in the note, not that narrative is the primary source of all clinically meaningful events.
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The structured-data gap analysis explains why this distinction matters. Structured EHR
data is not merely a noisier version of the narrative record; it offers a different view of the
patient trajectory. When relevant counterparts exist, their timestamps can anchor timeline cal-
ibration. However, many clinically meaningful narrative events are absent, delayed, or semanti-
cally compressed in tabular form, including symptoms, functional status, temporal qualifiers,
patient-reported information, and clinical context. These findings characterize asymmetric
coverage within the present text-primary analysis; they do not assess structured-only events
or establish that either source is complete.

The ablation results also support the scaffolded design. One-shot timeline generation re-
quires a model to identify clinical events, infer relative timings, resolve vague temporal ex-
pressions, and decide how to use structured evidence in a single step. By first constructing an
anchor-event scaffold, the workflow separates the temporal backbone of the encounter from
supporting narrative details. This mirrors clinical reasoning, where events such as admission,
diagnostic testing, treatment initiation, deterioration, procedures, and discharge provide tem-
poral reference points for interpreting the rest of the patient course. Staged calibration then
allows structured evidence to stabilize the backbone before refining the full trajectory.

Limitations: This study has several limitations. First, event match rates remain modest, so
concordance and AULTC measure temporal quality conditional on successful event recovery
rather than accuracy over the complete trajectory. Matched events were clinically hetero-
geneous, but unmatched events more often contained later-course and granular numerical
documentation (Supplementary Material §S4, Table S2). Second, the 40-case sample provides
only high-uncertainty evidence about stability across data sources and clinical settings; more-
over, each case was annotated once by one of three medically trained annotators, without
duplicate annotation or inter-annotator agreement. Third, the framework emits one contin-
uous timestamp per event; when timing is vague or absent, it infers a point estimate from
context, and the model-generated certainty flag is uncalibrated (Supplementary Material §S6,
Table S5). Fourth, the text-primary design may omit clinically meaningful structured-only
events. Structured timestamps also have source-specific semantics and may represent collec-
tion, ordering, administration, result availability, device recording, or documentation rather
than clinical onset. Finally, the seven-call workflow has substantially higher inference cost
than the single-step baseline.

Practical use and clinical impact: This framework is not intended for autonomous clinical
decision-making, but for temporally grounded research and clinician-reviewed workflows. Re-
constructed trajectories could support retrospective cohort construction, treatment-window
definition, temporal phenotyping, leakage auditing, and downstream trajectory modeling. Fu-
ture work should evaluate larger, independently annotated cohorts; support interval-valued
timestamps, qualitative relations, and explicit time-unknown outputs; develop bidirectional
event discovery that preserves source provenance and timestamp semantics; and test stage-
specific cost-quality tradeoffs. Overall, the findings support a retrieval-augmented view in
which narrative text supplies candidate-event semantics, structured rows provide partial and
source-dependent temporal evidence, and preserve-by-default calibration can improve tempo-
ral grounding for some events when relevant evidence is available.
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Large language model (LLM) chatbots are increasingly used to answer clinical questions
with citations to relevant clinical studies. Prior research has largely focused on citation
fabrication, leaving a gap in evaluating the quality of the retrieved studies and the factors
driving their selection, especially for newer models with stronger reasoning capabilities. In
this study, we evaluated three recent, general-purpose LLM chatbots: Claude Sonnet 5,
Gemini 3.1 Pro, and ChatGPT GPT-5.5. We prompted the models with clinical questions
adapted from 20 review questions in Issues 6 and 7 of the 2026 Cochrane Database of
Systematic Reviews, simulating patient, clinician, and evidence-synthesis researcher user
roles. For each review question, we queried all three chatbots across the three user roles,
with four independent repetitions per chatbot–role combination, yielding 720 responses in
total (3 chatbots × 3 user roles × 4 repetitions × 20 review questions). Each chatbot was
asked to support its answers with primary clinical citations, which we then benchmarked
against the included and excluded study sets of the Cochrane reviews. Included studies
were those judged by Cochrane reviewers to meet the review-specific eligibility criteria,
whereas excluded studies did not meet one or more of these criteria but could still be
relevant to the clinical question. On average, a single chatbot response retrieved 39.2% ±
29.8% (mean ± SD across all 720 responses) of the included-study set and 5.0% ± 9.4% of
the excluded-study set. Recall of Cochrane included studies varied significantly by model
and user role. ChatGPT achieved higher recall than Claude or Gemini (63.1% ± 29.5%
vs. 37.0% ± 23.8% vs. 17.3% ± 13.1%; blocked permutation test, p = 2.0 × 10−5). The
researcher role yielded higher recall than the clinician or patient roles (42.8% ± 30.8%
vs. 38.6% ± 28.9% vs. 36.1% ± 29.3%; p = 2.0 × 10−5). Controlling for publication year,
citations per year, and open-access status, sample size was the only significant predictor of
retrieval, with each doubling of sample size associated with 50% higher odds of retrieval
(odds ratio 1.50, 95% CI 1.24–1.81, p = 2.34×10−5). These findings suggest that while LLM
chatbots can retrieve some studies identified by expert reviewers, their performance varies
by model and user role, and they exhibit a bias toward clinical trials with larger sample
sizes. Collected LLM responses, analysis code, and supplementary materials are available
at https://github.com/QingfangLiu/llm-evidence-retrieval-bias.

Keywords: Large Language Models; Evidence Retrieval; Retrieval Bias; Systematic Reviews;
Cochrane Reviews; Evidence Synthesis; Medical Question Answering
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1. Introduction

An increasing number of individuals are consulting chatbots to address medical questions,
including requests to retrieve evidence from existing literature to better understand medi-
cal conditions,1,2 encouraged in part by strong chatbot performance on medical knowledge
benchmarks.3,4 Yet the ability of general-purpose chatbots to identify and cite relevant clin-
ical studies remains less well characterized,5–8 especially in light of prior findings that large
language models can fabricate or hallucinate citations.9–13 Meanwhile, systematic reviews syn-
thesize primary studies selected by experts to produce higher-quality conclusions for medical
questions.14 This raises an important question: how closely do the studies cited by chatbots
align with those included in systematic reviews?

Some prior work has begun to evaluate how well general-purpose chatbots retrieve pri-
mary studies, generally by comparing chatbot-cited studies against the included-study lists of
published systematic reviews. These evaluations generally report low recall, whereas precision
and citation fabrication vary across systems and evaluation methods. Somer et al.5 evaluated
six publicly accessible systems against the 14 studies in an obstetric meta-analysis; the best-
performing system, Claude 3.7, identified five studies. Chelli et al.6 tested three LLMs across
11 systematic reviews of rotator-cuff interventions, reporting precision of 0–13.4% and halluci-
nation rates of 28.6–91.4%. Gwon et al.7 found that ChatGPT and Bing AI identified only one
and two benchmark randomized trials, respectively, out of 24 randomized trials. Sidhu et al.15

compared the authenticity, quality, and geographic provenance of over 1,200 references across
nine contemporary chatbot configurations. Low et al.16 found that general-purpose LLMs pro-
duced very few relevant, evidence-based answers (2–10% of questions). However, many of these
studies relied on models predating advanced reasoning and agentic systems, leaving it unclear
how modern models behave in these contexts. Additionally, much prior work has focused on
a single medical domain,5–7 limiting the generalizability of their conclusions.

Outside biomedicine, retrieval-benchmark work such as LitSearch17 showed that retrieval
performance varies substantially with query specificity and query construction. PaperAsk eval-
uated GPT-4o, GPT-5, and Gemini-2.5-Flash across a range of scientific fields and found that
citation retrieval failed in 48-98% of multi-reference queries.18 Gao et al. evaluated five LLMs
for 40 randomly selected original articles and found that the models failed to retrieve correct
reference data 47.8% of the time.19 Related work has probed adjacent failure modes rather than
recall itself: whether generated citations actually support their associated claims,10 how often
citations are outright fabricated or contain metadata errors,9 and how reference-generation
performance varies by model, discipline, and publication recency across large literature-review
corpora.20 Other work asked chatbots to generate search strategies for bibliographic databases
such as PubMed and Embase rather than to select studies directly, but this setup may not
reflect how general users interact with chatbots.21

A further consideration is that different users (e.g., patients, clinicians, evidence synthesis
researchers) may seek primary clinical studies for medical questions,22,23 and whether such
variation affects evidence retrieval remains an open question. Task-aligned role-play has been
shown to help with reasoning benchmarks,24 while assigning the model a persona does not
reliably improve accuracy and can sometimes reduce it.25 Persona information more broadly
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shifts model predictions in ways that do not always track genuine human variation.26 Prompt
architecture and framing can induce systematic, non-neutral bias even when no persona is
involved,27 and patient question framing alone has been shown to change a model’s medical
conclusions even when the underlying evidence is held fixed.28 However, no prior study has
tested whether a user’s self-identified role changes which primary studies a chatbot retrieves.

In this study, we evaluated three contemporary general-purpose chatbot systems (GPT-5.5,
Claude Sonnet 5, and Gemini 3.1 Pro, all equipped with the ability to perform web searches) on
medical questions adapted from 20 Cochrane reviews. Prompts were framed from the perspec-
tive of a patient, clinician, or evidence-synthesis researcher, and each role–review combination
was repeated four times. GPT-5.5 achieved the highest recall of Cochrane included-study sets,
and evidence-synthesis researcher framing yielded higher recall than clinician or patient fram-
ing. After controlling for publication year, citation rate, and open-access status, larger sample
size remained the only significant predictor of study retrieval. These findings indicate that
chatbot-based evidence retrieval is incomplete, context-dependent, and biased toward larger
clinical trials, with implications for patients who use chatbots for medical information, as well
as for clinicians, LLM developers, medical AI researchers, and policymakers.29–31

2. Methods

2.1. Review selection

We used Cochrane intervention reviews published in Issues 6 and 7 of the 2026 Cochrane
Database of Systematic Reviews. These were the two most recent complete issues available at
the time of the experiment and were published after the knowledge cutoff dates of all three
chatbots (see Table 1). The 20 eligible intervention reviews covered diverse clinical areas,
evaluating pharmacological or biologic interventions (n = 7), procedural, surgical, or labora-
tory techniques (n = 4), bedside-care or clinical-management strategies (n = 3), nutritional
supplementation (n = 2), rehabilitative or conservative physical treatments (n = 2), behavioral
interventions (n = 1), and telehealth or service-delivery interventions (n = 1). We excluded
protocols and reviews addressing diagnostic, prognostic, or other non-intervention questions.

2.2. Experiment

We evaluated three widely used consumer chatbots using the reasoning-enabled model config-
urations in Table 1. We focused on the general-purpose chat interfaces rather than specialized
Deep Research modes to evaluate evidence retrieval in ordinary question-answering settings
rather than extended literature search. To characterize the broader capability of the evaluated
model configurations, we report performance on Humanity’s Last Exam (HLE), a multimodal,
frontier-level academic benchmark comprising 3,000 expert-authored questions across dozens
of subjects and designed to probe advanced knowledge and reasoning. These scores show
that the evaluated systems are broadly comparable frontier-level models, though HLE itself
does not benchmark literature retrieval, the primary focus of the current work. Each response
was generated independently in a fresh anonymous web session with no prior conversational
context. Data were collected from the U.S. East Coast between mid- and late July 2026.
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Table 1. Chatbot systems, configurations, and benchmark performance.

Model Knowledge
cutoff

Release date Reasoning
configuration

HLE (no
tools)

HLE (with
tools)

Anthropic Claude
Sonnet 5

January 2026 June 30, 2026 Medium effort;
thinking enabled

43.2% 57.4%

Google Gemini 3.1
Pro

January 31,
2025

February 19,
2026

Extended thinking 44.4% 51.4%

OpenAI GPT-5.5 December 1,
2025

April 23, 2026 High reasoning 41.4% 52.2%

Note: Knowledge cutoff is the latest date covered by a model’s documented training knowledge. Hu-
manity’s Last Exam (HLE) is a benchmark of advanced knowledge and reasoning and is reported to
provide context on general model capability; it is not a benchmark of evidence retrieval.

For each review question, we designed three prompts across distinct user roles, keeping
wording identical except for the role stated at the beginning of each prompt (Table 2).
Prompts explicitly instructed chatbots to rely on primary evidence (e.g., original research
studies and clinical trials) rather than secondary evidence (e.g., systematic reviews, meta
analyses, practice guidelines) when answering. Given that the chatbot systems had web-search
access, this instruction was intended to avoid, or where that was not possible, reduce reliance
on secondary sources, including the benchmark Cochrane reviews, when identifying studies to
present in the response. Each prompt was run four times to capture response variability.

Table 2. Example of the three user-role prompt variants for one review question.

User role Role-specific opening

Patient I have high blood pressure, and I am considering taking medicine to help
me lose weight.

Clinician I am a clinician caring for people with high blood pressure who are
considering taking medicine to help them lose weight.

Evidence-synthesis
researcher

I am an evidence-synthesis researcher studying weight-loss medicines in
people with high blood pressure.

Shared remainder of the prompt: I am trying to understand whether weight-loss medicines
improve the health of people with high blood pressure. Find individual primary studies on
this. Do not use systematic reviews, meta-analyses, narrative reviews, committee opinions,
practice guidelines, or editorials or comments. List the primary studies at the end.

2.3. Study identification

We used the full set of studies listed as “included” and “excluded” in the corresponding
Cochrane review as the reference standard and analyzed the studies retrieved in each chatbot
response. For each response, the unit of analysis was the set of uniquely identifiable primary
studies referenced, rather than the number of citations or publications, consistent with the
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distinction between studies and publications in standard Cochrane methodology.
Study identification was performed in two stages. First, we used an AI-assisted workflow

to extract citation information and propose candidate matches. Second, one author manu-
ally verified all proposed matches against the Cochrane review’s study records and, where
necessary, external bibliographic databases. Because the prompts did not specify a citation
format, we considered a study identifiable when the information provided (e.g., a study or
trial name, author and year, title, PMID or DOI, registry identifier, or the destination of a
citation link) was sufficient to resolve the underlying study. A citation with minor metadata
errors (such as a wrong volume number) was still counted as a match, provided the rest of
the information clearly pointed to one specific study; we report the metadata errors below.
Unresolved citations received no matched-study credit.

For each chatbot response, we also assessed compliance with the instruction to rely on
primary evidence by recording whether the response referenced or discussed a Cochrane review.
For each Cochrane-included study, we resolved PMIDs for linked reports using RIS metadata
and PubMed searches, then obtained citation counts from Semantic Scholar. We used the
highest available citation count among linked reports to calculate citations per year, dividing
by years since the Cochrane-reported publication year (minimum one year). Open-access status
was the Semantic Scholar indicator for the report providing that citation count.

3. Results

3.1. Number and composition of retrieved studies

Across 720 responses, the mean number of studies retrieved per response was 10.66. Of the
studies retrieved in each response, a mean of 61.9% were Cochrane-included studies, compared
with 11.4% classified as Cochrane-excluded and 26.7% as other. Both retrieval volume and
study composition varied across chatbots (Figure 1). Claude retrieved a mean of 12.32± 6.24

studies per response, of which 52.3% were classified as included—the lowest included-study
proportion among the three chatbots. Gemini retrieved the fewest studies per response (3.87±
1.66) but had the highest included-study proportion (69.0%). ChatGPT retrieved the most
studies per response (15.80 ± 6.60), of which 64.6% were classified as included. In contrast
to the chatbot-level differences, study composition was similar across user roles, although
researcher-role responses retrieved more studies than patient- or clinician-role responses.

3.2. Included-study recall and recall consistency

Across 720 responses, the mean per-response recall of Cochrane-included studies was 39.2%±
29.8% (mean ± SD), and the proportion of excluded studies cited was 5.0%±9.4%. Differences
in mean included-study recall by chatbot and user role were assessed using separate blocked
permutation tests with 50,000 permutations each. Mean included-study recall differed signifi-
cantly by chatbot: 37.0%± 23.8% for Claude Sonnet 5, 17.3%± 13.1% for Gemini 3.1 Pro, and
63.1%±29.5% for ChatGPT 5.5 (p = 2.0×10−5). Recall also differed by user role: 36.1%±29.3%

for patient, 38.6%± 28.9% for clinician, and 42.8%± 30.8% for researcher (p = 2.0× 10−5). Re-
call consistency, measured as mean pairwise Jaccard similarity of retrieved Cochrane-included
study sets across replicate responses, was highest for ChatGPT 5.5 (0.80), compared with
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0.0 2.5 5.0 7.5 10.0 12.5 15.0 17.5

All responses n=720 · 10.7 studies/response

A  Overall

61.9% 11.4% 26.7%

0.0 2.5 5.0 7.5 10.0 12.5 15.0 17.5

Claude Sonnet 5

Gemini 3.1 Pro

ChatGPT 5.5

n=240 · 12.3 studies/response
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n=240 · 15.8 studies/response

B  By chatbot

52.3%

69.0%

64.6%

13.0%

11.6%

34.7%

23.8%

0.0 2.5 5.0 7.5 10.0 12.5 15.0 17.5
Mean studies retrieved per response (bar length)
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Clinician
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n=240 · 9.6 studies/response

n=240 · 10.2 studies/response

n=240 · 12.2 studies/response

C  By user role

62.1%

62.6%

61.2%

11.7%

11.6%

10.9%

26.3%

25.8%

27.9%

Cochrane included Cochrane excluded Other

Fig. 1. Composition and volume of studies retrieved by Cochrane status. Stacked bars
show the mean within-response proportion of distinct retrieved studies classified as Cochrane in-
cluded, Cochrane excluded, or other, with bar length encoding mean studies retrieved per response
on one shared scale across panels.

Claude Sonnet 5 (0.61) and Gemini 3.1 Pro (0.56), and was similar across user roles (patient,
0.64; clinician, 0.65; researcher, 0.67). These results are summarized in Figure 2.

3.3. Study overlap by chatbot and user role

We examined which studies were cited across multiple chatbots or user-role conditions and
which were cited exclusively within a single group. Cochrane included and excluded studies
were analyzed separately (Figure 3). Of the 442 included studies, 328 (74.2%) were cited
in at least one response. When responses were grouped by chatbot and pooled across user
roles, Claude cited 236 studies (53.4%), Gemini cited 119 (26.9%), and ChatGPT cited 303
(68.6%). Among the 328 cited studies, 107 (32.6%) were cited by all three chatbots. Eighty-
three studies were cited exclusively by ChatGPT, 21 exclusively by Claude, and one exclusively
by Gemini; an additional 105 were cited by both Claude and ChatGPT but not by Gemini.
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Fig. 2. Cochrane included-study recall and recall consistency. The heatmap shows mean
response-level recall with marginal bars summarizing recall by chatbot and user role. The top-right
panel shows recall consistency. Error bars indicate percentile 95% review-clustered bootstrap CIs.
Pairwise differences were tested using blocked permutation tests (50,000 permutations), with Holm
correction within each marginal dimension. Pairwise differences in mean recall were: Claude mi-
nus Gemini, 19.7 (14.3–25.7); ChatGPT minus Claude, 26.1 (19.3–33.5); ChatGPT minus Gemini,
45.8 (36.3–55.0); clinician minus patient, 2.5 (0.9–4.2); researcher minus clinician, 4.3 (2.5–6.2); and
researcher minus patient, 6.8 (4.6–9.1). ∗∗∗P < 0.001; ∗∗P < 0.01; ∗P < 0.05; ns, P ≥ 0.05.

When responses were grouped by user role and pooled across chatbots, 249 studies (56.3%)
were cited under the patient role, 272 (61.5%) under the clinician role, and 314 (71.0%) under
the researcher role. Of the 328 cited studies, 234 (71.3%) were cited under all three roles,
whereas 4, 8, and 43 were cited exclusively under the patient, clinician, and researcher roles,
respectively. Thus, the included-study sets overlapped more strongly across user roles than
across chatbots. Of the 932 excluded studies, 143 (15.3%) were cited in at least one response,
and only 16 of the 143 cited excluded studies (11.2%) were cited by all three chatbots. Sixty-
two of the 143 cited excluded studies (43.4%) were cited under all three roles. Thus, the
excluded-study sets also overlapped more strongly across user roles than across chatbots.
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Fig. 3. Overlap in Cochrane-included and Cochrane-excluded studies cited. Venn dia-
grams show citations of 442 included and 932 excluded study labels across 20 Cochrane reviews.
Circle areas are proportional within each panel to the number of studies cited by each chatbot or
role. Region labels report the number of studies in each mutually exclusive shared or unique citation
pattern.

3.4. Study characteristics associated with recall

Using the studies included in 20 Cochrane reviews as the reference standard, we compared
recalled and unrecalled studies after pooling across all chatbots, user roles, and repetitions.
A study was classified as recalled if it appeared in at least one response, and each Cochrane
study label was counted once per review. Of 442 studies, 328 (74.2%) were recalled and 114
(25.8%) were not. Recalled studies were more recent (median publication year, 2014 vs. 2009;
p = 0.00058), larger (median analyzed sample size, 195 vs. 97; p < 0.001), and more frequently
cited (median citations per year, 5.50 vs. 2.33; p < 0.001). Open-access status did not differ
significantly between recalled and unrecalled studies (56% vs. 45%; p = 0.077).

A multivariable logistic regression included publication year, log-transformed sample size,
log-transformed citations per year, and open-access status (Table 3). Of 442 Cochrane-
included studies, 330 (74.7%) had complete predictor data. Among the 330 studies, only
sample size was significantly associated with recall, with each doubling of sample size associ-
ated with 50% higher odds of retrieval after natural-log transformation (adjusted OR, 1.50;
95% CI, 1.24–1.81; p < 0.001). Publication year, citations per year, and open-access status
were not significantly associated with recall.
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Table 3. Multivariable logistic regression of study recall.

Predictor β̂ Clust. SE Clust. p Naive p OR 95% CI VIF

Intercept −34.9314 35.1336 0.320 0.194 — — —
Publication year 0.0164 0.0176 0.350 0.219 1.017 (0.98, 1.05) 1.30
log(sample size) 0.5880 0.1390 < 0.001∗∗∗ < 0.001 1.800 (1.37, 2.36) 1.19
log(citations/year + 0.01) 0.2993 0.1574 0.057† 0.010 1.349 (0.99, 1.84) 1.54
Open access −0.1043 0.2598 0.688 0.740 0.901 (0.54, 1.50) 1.20

Note: SEs and primary p-values were clustered by review; naive p-values ignore clustering. OR = odds
ratio; CI = confidence interval; VIF = variance inflation factor. McFadden pseudo-R2 = 0.1340; log-
likelihood = −146.64; likelihood-ratio test against the null model, p < 0.001. ∗∗∗p < 0.001; †p < 0.10.

3.5. Characterizing Cochrane-excluded studies cited by chatbots

Given that the mean excluded-set retrieval was 5.0%±9.4% per response, we characterized the
retrieved excluded studies by classifying the 143 studies into 11 categories using the exclusion
reasons reported by Cochrane review authors (Table 4). All 143 studies were assigned to
at least one category; 29 studies (20.3%) had multiple exclusion reasons, so the categories
were not mutually exclusive. The most common reasons for exclusion concerned study de-
sign, intervention, comparator, and population. This pattern is consistent with the structure
of Cochrane eligibility criteria, which are typically defined according to the population, in-
tervention, comparator, and eligible study designs specified for each review.32 Because our
prompts were broader than the reviews’ full eligibility criteria, some studies could be relevant
to the chatbot questions yet ineligible for the more narrowly defined reviews.33

3.6. Hallucination, fabrication and metadata errors

Hallucination is widely recognized as an issue in LLM-generated citations, but the term serves
as an umbrella for several distinct phenomena:9,34,35 (1) metadata errors (e.g., incorrect lead
author, year, journal, or page range) that can nonetheless be resolved to a real publication;
(2) references that cannot be resolved to any real publication; and (3) misattribution of study
content to an otherwise correct source. We report the first two categories here. Across re-
views, 232 of 7,676 matched response–study citation rows (3.0%) contained metadata errors.
Error rates varied substantially by model: 5.9% for Claude (175/2,956), 1.5% for ChatGPT
(55/3,792), and 0.2% for Gemini (2/928). Differences by user role were smaller, with error
rates of 2.7% for patients, 3.1% for clinicians, and 3.2% for researchers. In addition to meta-
data errors, we identified 23 citations that could not be resolved to any real publication; all
occurred in Claude responses.

3.7. Secondary-evidence use and instruction adherence

We inspected the chatbots’ responses for adherence to the instruction not to rely on secondary
evidence, particularly Cochrane reviews. We coded each response along two dimensions: (1)
review identity, indicating whether it referred to the corresponding 2026 Cochrane review,
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Table 4. Exclusion categories among 143 Cochrane-excluded studies.

Category n/143 (%) Definition

Study design 37 (25.9) Nonrandomized, observational, single-arm, pseudo-randomized,
or otherwise ineligible designs

Intervention 34 (23.8) Ineligible intervention identity, composition, route, dose, tim-
ing, or co-intervention

Comparator 28 (20.3) Absent or ineligible control, or an ineligible comparison between
intervention variants

Population 25 (17.5) Ineligible participants or mixed populations without separable
results for the eligible subgroup

Insufficient or unavail-
able data

15 (10.5) Eligibility or eligible effects could not be established, separated,
or obtained

Timing or follow-up 11 (7.7) Ineligible treatment timing, study duration, or follow-up dura-
tion

Publication or trial
status

8 (5.6) Protocols, registrations without eligible results, unpublished,
withdrawn, or retracted trials, or duplicate reports

Setting 6 (4.2) Ineligible care or recruitment setting
Unspecified eligibility 5 (3.5) Inclusion criteria were not met, but no specific criterion was

identified
Outcome 2 (1.4) Required outcomes were absent or ineligible
Unit of analysis 2 (1.4) Ineligible allocation or analysis unit, or non-independent obser-

vations

an earlier or edition-unspecified Cochrane review, or no detected Cochrane review; and (2)
review role, indicating whether the response explicitly stated that a review had been used to
identify or verify primary studies or merely mentioned a review without indicating such a role.
Cochrane reviews appeared in 66 Claude responses (27.5%). Of these, 17 responses explicitly
stated that a review had been used to identify or verify primary studies, and 11 referred to
the corresponding 2026 review. Only one response fell into both categories, referring to the
corresponding 2026 review while also stating that a review had been used to identify or verify
primary studies. We detected no references to Cochrane reviews in the Gemini or ChatGPT
responses. Because we did not retain complete reasoning traces or external search histories,
these results reflect only what was disclosed in the final responses. A chatbot may therefore
have consulted a Cochrane review without mentioning it in its final answer.

4. Discussion

4.1. Study findings

Our findings show that chatbot retrieval was incomplete and selective. A single response
retrieved an average of 39.2% of Cochrane-included studies, whereas pooling all responses
identified 74.2% at least once. Recall varied more by chatbot than by user role. Larger sample
size was the only significant predictor of retrieval after accounting for publication year, citation
rate, and open-access status. Fully fabricated references were rare and occurred only in Claude
responses, whereas citation metadata errors persisted across models and were more frequent
for Claude than for ChatGPT and Gemini. Instruction adherence also varied by chatbot:
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Claude sometimes referenced Cochrane reviews despite instructions not to rely on secondary
evidence, whereas no such references were detected in ChatGPT or Gemini responses.

Our study has important implications. First, patients and clinicians should recognize that
a chatbot response with citations reflects a model-specific and role-conditioned subset of the
literature that may vary across repeated queries, rather than a comprehensive evidence sum-
mary. Second, systematic reviewers and evidence-synthesis researchers may find that general-
purpose chatbots identify some relevant studies, but these tools should not replace repro-
ducible database searches, formal eligibility screening, or citation verification.36,37 Third, AI
developers working to automate evidence synthesis should make efforts to improve how sys-
tems interpret and apply population, intervention, comparator, outcome, and study-design
(PICO-S) criteria. Accurate application of these criteria is essential for distinguishing the re-
trieval of high-quality evidence from the comprehensive retrieval of all relevant evidence.38,39

4.2. Recall of primary studies

Recall in this study was generally higher than that reported in several earlier evaluations of
general-purpose chatbots: mean per-response recall was 39.2% overall and 63.1% for ChatGPT,
compared with 0%–13.7% in Chelli et al.,6 only one and two of 24 benchmark trials in Gwon
et al.,7 and 35.7% for the best-performing model in Somer et al.5 This difference may reflect
the use of newer LLMs with stronger reasoning and agentic capabilities, an explicit prompt
requesting a list of primary studies, and a user role closely matched to the medical question.

We observed differences in recall across different chatbot models, and this appears to be
largely driven by citation volume. ChatGPT cited a mean of 15.80 studies per response, ap-
proximately four times that of Gemini’s 3.87. The official release materials for all three models
(GPT-5.5, Claude Sonnet 5, and Gemini 3.1 Pro) emphasize advanced reasoning and agentic
capabilities, and their performance on Humanity’s Last Exam was broadly comparable. Yet,
the models exhibited substantially different study-retrieval behaviors when answering medical
questions. These discrepancies raise the question of whether they stem from differences in
training data, retrieval architecture, or reasoning architecture, though the proprietary nature
of these models makes this difficult to determine.

4.3. Factors affecting retrieval

Previous studies have reported that LLM-generated references tend to favor highly cited pub-
lications.20,40 In our study, however, after accounting for publication year, citations per year,
and open-access status, trial size emerged as the clearest predictor of retrieval, with larger
trials more likely to be retrieved. Citation rate was also positively associated with retrieval,
but this association did not reach statistical significance. Several mechanisms may explain the
preferential retrieval of larger studies. Search or retrieval-augmented generation pipelines may
rank prominent “landmark” trials more highly, while larger trials may also be more strongly
represented in model training data or other web-accessible sources. Chatbots may further
select larger trials because sample size is interpreted as a signal of stronger or more reliable
evidence. Alternatively, sample size may serve as a proxy for unmeasured characteristics such
as journal visibility, trial registration, and broader scientific prominence. Because the search,
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retrieval, and reranking processes of these consumer chatbot systems are proprietary and
opaque, the current study cannot distinguish those possible mechanisms.

4.4. Limitations

Our study has several limitations. First, querying the models with questions from only 20
recent reviews limits the findings’ breadth and generalizability, making this an exploratory
test set rather than a comprehensive benchmark. Also, although Cochrane reviews provide a
rigorous reference standard, their included-study sets are not immutable and may vary with
review-specific judgments.41 Second, the study may not fully capture real-world patterns of
use. Prompts were kept nearly identical across user roles to isolate the effect of this variable,
but patients may express their evidence needs in more varied, less structured ways in prac-
tice.22,42 Models were also instructed to avoid secondary evidence to facilitate comparison with
the Cochrane reference standard, but in real life, users are unlikely to add such constraints.
Third, although we selected Cochrane reviews published after each model’s knowledge cutoff
to minimize potential training data exposure, the models may still have been exposed to ear-
lier versions or other secondary sources. Moreover, despite being explicitly instructed to avoid
using secondary evidence, the models differed in their adherence to this constraint.43

4.5. Future work

We propose several directions for future work. First, future work should evaluate citations
that fall outside the sets of included and excluded studies. Based on the present analysis,
we cannot determine whether these citations represent irrelevant studies retrieved in error,
newly published eligible studies, or other forms of related evidence.44 Assessing their relevance
will require independent adjudication and, in some cases, clinical expertise. Second, because
our analysis focused on study retrieval, future research should also examine whether chatbot-
generated conclusions accurately reflect the underlying evidence,10,12 appropriately balance
benefits and harms, and communicate uncertainty. Such evaluations will likely require topic-
specific expertise, particularly when the evidence is heterogeneous or clinically complex. Third,
our analysis of cited study characteristics focused on publication year, trial size, citation
rate, and open-access status. Additional factors such as the authors’ country and abstract
length warrant further study. Finally, future work should directly compare chatbot-based
retrieval with conventional search-engine approaches, as well as newer agentic search systems,
including Deep Research in ChatGPT and Gemini and domain-specific agentic RAG systems,
to determine whether they can retrieve additional studies included in the reference Cochrane
reviews that were missed by the chatbot systems evaluated in the current work.45–48
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Doctors and patients alike increasingly use Large Language Models (LLMs) to diagnose clinical
cases. However, unlike domains such as math or coding, where correctness can be objectively
defined by the final answer, medical diagnosis requires both the outcome and the reasoning process
to be accurate. Currently, widely used medical benchmarks like MedQA and MMLU assess only
accuracy in the final answer, overlooking the quality and faithfulness of the clinical reasoning
process. To address this limitation, we introduce MedCaseReasoning, the first open-access
dataset for evaluating LLMs on their ability to align with diagnostic reasoning documented
in clinician-written case reports. The dataset includes 13,989 diagnostic question-and-answer
cases, each paired with detailed reasoning statements extracted by an LLM from open-access
medical case reports. We evaluate state-of-the-art reasoning LLMs on MedCaseReasoning and
find significant shortcomings in their diagnoses and reasoning: for instance, the top-performing
open-source model, DeepSeek-R1, achieves only 48% pass@10 diagnostic accuracy and mentions
only 64% of the reference reasoning statements (recall). However, we demonstrate that fine-tuning
LLMs on the reasoning traces derived from MedCaseReasoning significantly improves
diagnostic accuracy and clinical reasoning recall by an average relative gain of 41% and 29% (13.5
and 10.4 absolute percentage points), respectively. Our results showcase the importance of aligning
LLMs to reason like human experts.

Keywords: Clinical reasoning; large language models; diagnostic accuracy; benchmark dataset.

1. Introduction

Large language models (LLMs) are increasingly deployed in medicine,1 where they show promise
in performing complex tasks like clinical reasoning2 and disease diagnosis.3 While there are a
number of benchmark datasets designed to assess the diagnostic capabilities of medical LLMs
(e.g. MedQA,4 MMLU,5 MultiMedQA,6 and MedXpertQA7), these datasets all share the same
limitation in that they only assess the correctness of the model’s final answer. Unlike domains like
mathematics8 or coding,9 where the reasoning process is secondary to the correct answer, medical
diagnoses require both the final diagnosis and the thought process to be defensible. In clinical
practice, physicians need to articulate coherent rationales, which is important for ensuring informed
consent, meeting the standard of care, facilitating documentation and billing, and enabling clinical

© 2026 The Authors. Open Access chapter published by World Scientific Publishing Company and distributed
under the terms of the Creative Commons Attribution Non-Commercial (CC BY-NC) 4.0 License.
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PMC Case Report Diagnostic Reasoning
C

Case Presentation
A 25-year-old Asian woman presented 
with a 3-week history of constant 
bilateral heel pain and difficulty 
walking. She also reported migratory 
pain involving her ankles, knees, and 
hips of the same duration; the pain 
worsened…

1. Systemic lupus erythematosus considered — “Rheumatologic 
investigations revealed positive ANA but ASMA, AMA, anti-dsDNA, and RF 
were negative.” 
2. Septic (bacterial) arthritis considered — “By definition, the arthritis is 
sterile, and bacterial involvement should first be ruled out.” 
3. Osteoarticular tuberculosis considered — “ostearticular TB rarely involves 
more than one joint… and responds rather slowly to ATT.” 
4. Rheumatoid arthritis considered — “TB arthritis can be confused easily 
with RA due to the same radiologic features…

Fig. 1. A schematic of the MedCaseReasoning case processing pipeline. A: From the initial set of
98,994 PMC Open Subset Case Reports, we select 28,313 appropriate candidate cases, which are converted
to QA format and then filtered for quality. The resulting 13,989 cases form the MedCaseReasoning dataset,
with 897 test cases and 13,092 training cases. A full example is available in the Supplementary Material. B:
For each test case, the case presentation is posed to an LLM to reason and then answer with a diagnosis.
The reference reasoning extracted from the case report is compared with the LLM-generated reasoning to
produce the reasoning recall score, and the case diagnosis is compared with the predicted diagnosis to produce
diagnostic accuracy. C: The original case report text is converted into three sections: the case presentation
that contains the relevant and sufficient patient information for making a diagnosis; the diagnostic reasoning
that includes the diagnostic decision-making by the case author (in enumerated statements); and the final
diagnosis.

collaboration.10 Mistakes or deficiencies in reasoning, even if the correct diagnosis is given, can
risk case mismanagement. Highlighting this gap, a recent study found that even frontier models
like GPT-4 could produce the correct diagnosis for incorrect reasons in up to a third of clinical
scenarios.11 Thus, evaluating and improving model capabilities to reason and answer correctly is
crucial for LLMs to gain clinical viability and trustworthiness.

In this work, we propose MedCaseReasoning, a diagnostic reasoning dataset with two
complementary goals: (1) an evaluation benchmark to assess how well LLM reasoning aligns
with the diagnostic reasoning documented in clinician-written case reports, and (2) a training
dataset for improving diagnostic reasoning in LLMs from reasoning traces. MedCaseReasoning
is an open-access dataset of 13,989 diagnostic cases drawn from 800+ medical journals and
30+ specialties, created from publicly available case reports published in PubMedCentral.12 To
produce it, we develop a scalable, multi-step, clinician-validated pipeline that filters an initial set
of 98,994 case reports and converts them into QA-format diagnostic cases, yielding a high-quality
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test subset of 897 cases. First, we observe that MedCaseReasoning is a meaningfully difficult
and unsaturated benchmark, with the top commercial model, OpenAI o3, achieving only 65%
on pass@10 diagnostic accuracy. Second, we find that even top-performing reasoning models
are substantially limited in their ability to reason like clinicians, where the best open-source
model, DeepSeek-R1, only recalls 64% of the reasons provided in the case report. Third, we find
that training on MedCaseReasoning can significantly improve the diagnostic and reasoning
capabilities of LLMs: both diagnostic accuracy and reasoning recall increased after fine-tuning
three top medical open-source LLMs, with an average relative gain of 41% and 29% (13.5 and
10.4 absolute percentage points), respectively. Importantly, after training on MedCaseReasoning,
their performance on NEJM CPC,3,13 a held-out test dataset, also improved, showcasing the value of
MedCaseReasoning in improving diagnostic generalizability.

Our work is the first medical benchmark dataset that explicitly evaluates the reasoning
accompanying a diagnosis by comparing it to reasoning extracted from real-world case reports
written by clinicians. These cases contain relevant differential diagnoses along with case
presentations that present sufficient detail for an accurate diagnosis. Our findings underscore the
significant challenges of aligning the reasoning of current top-performing LLMs with established
clinical practice and provide a dataset for improving this alignment.

Throughout, reference reasoning denotes the reasoning statements an LLM extracts from a
clinician-written case report; it is grounded in, but not identical to, the clinicians’ own reasoning.

Related Works
Exam-style and literature-derived benchmarks. While commonly used medical benchmark datasets
like MedQA,4 MMLU,5 and MedXpertQA7 include diagnostic reasoning questions, the clinical
cases presented are typically shorter, textbook-style cases intended to evaluate students and test
medical knowledge, not real-world clinical cases that physicians may encounter. These benchmarks
are also multiple-choice and score only the selected answer. Several datasets construct evaluation
items from real-world sources, such as PubMedQA,14 which generated QA examples based on
PubMed articles, and MedAlign,15 which generated clinical vignettes from electronic health records.
However, PubMedQA asks yes/no/maybe questions about research abstracts rather than posing
open-ended diagnostic problems, and MedAlign targets clinician instruction-following over EHRs,
which requires credentialed data access; neither provides reference diagnostic reasoning against
which a model’s reasoning can be scored. MedHELM16 broadens evaluation to a clinician-validated
taxonomy of 121 medical tasks across 35 benchmarks, but it, too, scores model outputs rather than
the reasoning that produced a diagnosis. By comparison, MedCaseReasoning is derived directly
from clinician-authored case reports, which are valuable tools for advancing clinical practice,17 and
pairs each open-ended diagnostic question with reference reasoning extracted from the report.

Real-world diagnostic cases. The New England Journal of Medicine Clinicopathologic
Conferences (NEJM CPC) is a collection of case reports sourced from Massachusetts General
Hospital in Boston, MA.3 Prior studies3,13,18 have leveraged NEJM CPC to evaluate model
capabilities, but primarily focus on generating differential diagnosis (DDx) lists, not full reasoning
traces. MedCaseReasoning improves upon this dataset in several ways. First, the collection
of case reports from PubMedCentral represents a globally diverse set of clinician and patient
backgrounds, whereas NEJM CPC represents the medical practices of physicians from a single

Pacific Symposium on Biocomputing 2027

363



0.30 0.35 0.40 0.45 0.50 0.55 0.60 0.65 0.70

Reasoning Recall
0.20

0.25

0.30

0.35

0.40

0.45

0.50

0.55

Di
ag

no
st

ic 
Ac

cu
ra

cy
 (P

as
s@

10
 A

cc
ur

ac
y)

Model Performance on MedCaseReasoning

Avg. Reasoning Length
100 words

300 words

600 words

Avg. Reasoning Length
100 words

300 words

600 words

MedReason-8B
QwQ-32B

Qwen-2.5-7B

Qwen-2.5-7B (SFT)

DeepSeek R1

LLaMA-3.1-8B

LLaMA-3.1-8B (SFT)

MedReason-8B (SFT)

0.10 0.15 0.20 0.25 0.30 0.35 0.40 0.45 0.50

NEJM CPC (Pass@10 Accuracy)
0.25

0.30

0.35

0.40

0.45

0.50

0.55

M
ed

Ca
se

Re
as

on
in

g 
Te

st
 S

et
 (P

as
s@

10
 A

cc
ur

ac
y)

Generalization on NEJM CPC

Base Models

SFT Models

DeepSeek R1

LLaMA-3.1-8B

LLaMA-3.1-8B (SFT)

MedReason-8B

MedReason-8B (SFT)

QwQ-32B

Qwen-2.5-7B

Qwen-2.5-7B (SFT)

Fig. 2. (Left) Evaluation of LLMs on the MedCaseReasoning test dataset (N = 897), along
with diagnostic accuracy and reasoning recall percentage. (Right) Model performance on the
MedCaseReasoning test set and NEJM case studies (N = 302), showing a strong correlation between
the two benchmarks (Pearson r = 0.92, p < 0.001, Pass@10 across the ten base and fine-tuned models).
In both plots, accuracy is computed with pass@10 accuracy; circle size encodes the average length of the
model-generated reasoning trace (trace length is correlated with reasoning recall; r = 0.790, p = 0.0196).
LLaMA-3.1-8B and Qwen-2.5-7B are both Instruct variants (omitted for brevity).

hospital system on a specific population. Second, the NEJM CPC dataset consists of only 302
test cases, while MedCaseReasoning is comprised of 13,989 cases, allowing for more in-depth
analysis as well as model fine-tuning. Third, MedCaseReasoning is derived from open-access
articles on PubMedCentral, whereas NEJM CPC is available only under license.

Evaluating diagnostic reasoning. Several studies19,20 have employed grading rubrics applied
to curated clinical vignettes, but are restricted to a handful of cases, not openly accessible, and
focus on human-AI comparison rather than establishing benchmarks for standalone LLM reasoning
performance. One study21 conducted manual clinician evaluations of reasoning traces from GPT-3.5
and GPT-4 to identify logical inconsistencies, but such methods are labor-intensive and inherently
limited in scale, making them infeasible for large-scale benchmarking. MedCaseReasoning
instead automates reasoning evaluation against reference reasoning for every case, with an LLM
judge validated by a physician.

Training on medical reasoning traces. Recent models like HuaTuoGPT-o122 and MedReason23

involve supervised fine-tuning (SFT) on diagnostic reasoning traces, but the traces are distilled
from larger proprietary models (e.g., GPT-4) rather than being grounded in reasoning authored by
clinicians based on real patient cases. MedCaseReasoning provides training traces derived from
clinician-written case reports, and we show that they improve models already trained on synthetic
traces (Section 3).
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Table 1. Comparison of clinical diagnosis benchmark datasets. MedCaseReasoning is the only and
largest open-access dataset with clinician reasoning. Existing datasets do not contain expert reasoning.

Dataset N Open Access Reasoning Question Type Question Source

MedQA4 12,723 3 7 Clinical vignettes USMLE

MedXpertQA7 1,050 3 7 Clinical vignettes Licensing exams

NEJM CPC3 302 7 7 Real diagnostic
cases

NEJM CPC

MedCaseReasoning 13,989 3 3 Real diagnostic
cases

PMC Case Reports

2. Methods

2.1. Data curation

Case reports are typically written to highlight a rare or complex disease. A core tradeoff exists
between the novelty and usefulness of a case report – models should learn from difficult cases, but
should be able to practically deduce the diagnosis from the presented information. To this end, we
produced a LLM-based pipeline with the goal of maximizing case novelty and usefulness. As expert
verification on each step is prohibitively expensive, we perform our clinician validation only on the
outputs of the last step.

(1) Data Provenance: We started with the PMC Open Subset pulled from Jan 1st, 2005-April
27th, 2025. The query was filtered for free-access articles with article type "case report",
which yielded 98,994 case reports. The article’s text was extracted from the main body in the
XML file, along with the PMCID, publication date, title, journal name, and article link.

(2) Candidate Selection: Next, we excluded case reports without the word differential (ie. a
discussion on differential diagnoses), which reduced the set to 28,313 case reports. These
initial candidate case reports were converted into diagnostic QA with o4-mini, a strong
reasoning model that can be run at scale. When the dataset was built, o4-mini offered strong
reasoning at a cost that made processing tens of thousands of articles feasible; the pipeline
is model-agnostic and can be rerun with newer models. The full prompt is available in
the Supplementary Material and instructs models to identify the core conflict within the
case report and provide an information cutoff that would ensure the presented information
does not give away the final diagnosis. The reasoning and diagnosis are extracted from
the full report, so reference reasoning can occasionally cite findings after the cutoff (e.g.,
histopathology; see Section 5). In parallel, each candidate case report was scored according
to the following criteria: 1) thoroughness of case presentation, 2) presence of explicit
differential diagnosis, 3) dependence on integrative clinical reasoning, 4) transparency of
diagnostic reasoning process, and 5) presence of stated final diagnosis. These criteria were
developed by clinicians, and o4-mini was used to produce the actual scores. Criteria 1, 3,
and 4 are given out of 1-5 points, whereas criteria 2 and 5 are yes/no responses. We filtered
out cases where 1) thoroughness of case presentation was either 1 or 2 (seriously deficient
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Table 2. An example of comparing reasoning traces against the case report reasoning. The reasoning from
the case report is extracted using an LLM as an enumerated list. Then, each element of the list is referenced

against the model’s reasoning trace, which gives us the “reasoning recall" for a given trace.

Reasoning LLaMA-3.1-8B-Instruct
(Base)

LLaMA-3.1-8B-Instruct
(SFT on
MedCaseReasoning)

Groundtruth (from
MedCaseReasoning)

Trace The patient has a history of
Wilson disease , a genetic
disorder that leads to
copper accumulation in the
body. However, the brain
MRI shows no evidence of
pathological
copper deposition , and
laboratory tests show normal
copper metabolism –
suggesting the current
condition is not related to
Wilson disease .
The symptoms . . . are
consistent with a psychotic
disorder. The history of
Wilson disease and
orthotopic liver
transplantation may have led
to post-liver-transplant
psychosis . . .
Given the patient’s
symptoms and history,
post-liver-transplant
psychosis is the most likely
diagnosis.

We first considered acute
graft rejection due to
non-adherence with
tacrolimus and
mycophenolate, but this was
ruled out because
tacrolimus trough levels
were low.
Next,
tacrolimus neurotoxicity
was excluded for the same
reason.
We also considered
copper overload from Wilson
disease , but MRI showed no
pathological
copper deposition .
Delirium was excluded;
finally, we evaluated
substance-induced psychosis
but found “no other medical
condition or
substance use disorder .”
With alternatives excluded,
schizophrenia was suspected.

1. Wilson-disease recurrence
— “no abnormalities,
including pathological
copper accumulation . . . no
evidence of abnormal copper
metabolism . . . psychosis
due to recurrence of
Wilson disease was ruled
out.”
2. Tacrolimus-induced psychosis

—
“ Tacrolimus-induced psychosis
was ruled out because the
trough tacrolimus concentration
had not increased before
onset of psychosis, and
psychosis persisted after the
trough value decreased.”
3. Substance-related or other
medical causes — “No
evidence of other medical
conditions or a
substance use disorder that
could cause psychotic
symptoms was found.”

Answer Post-liver-transplant psychosis Schizophrenia Schizophrenia
Coverage 1/3 reasons recalled 3/3 reasons recalled Groundtruth

or major gaps), and also removed cases that either did not discuss 2+ plausible alternatives
or did not state a final diagnosis. The full prompt is available in the Supplementary Material.
After filtering, there remained 19,428 total case reports.

(3) Quality Filter: Next, to avoid model blind spots, we checked each of the generated case
reports using a separate LLM (gemini-2.5-pro), which evaluated the generated case report’s
faithfulness to the source article and the plausibility of each case report. The prompt is also
available in the Supplementary Material. We removed cases that had any flags, leaving a final
total of 13,989 cases. We created an initial testing subset of 897 cases where the transparency
and integrative diagnostic reasoning scores were at least 4 or 5.

The case reports used in MedCaseReasoning span over 800 different medical journals, with
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the top 10 shown in the Supplementary Material. Additionally, the diagnostic case prompts from
MedCaseReasoning are significantly longer and more detailed than the ones from MedQA (see
Supplementary Material). Furthermore, case report publication dates are heavily enriched towards
years after 2020, with over 16% after Jan 1 2024 (see Supplementary Material). Additionally, our
pipeline can be regularly updated, incorporating new case reports with low marginal cost.

To validate the case prompts, diagnostic reasoning, and final diagnosis extracted from each
case report, a team of four board-certified physicians reviewed a total of 100 randomly selected
cases, with each case reviewed by a single physician. The physician compared the extracted case
prompt, reasoning, and diagnosis against the source article and answered three yes/no questions on
hallucinations, faithfulness of the diagnosis, and faithfulness and relevance of the reasoning. The
full questions can be found in the Supplementary Material.

2.2. Evaluating Diagnostic Accuracy in Models

We evaluate each model’s diagnostic correctness using LLM-as-a-judge, in accordance to previous
literature (e.g.,3,23). We adopt the same prompt used in prior work3 (see Supplementary Material),
which has been validated to have high concordance with human raters, and use gpt-4o-mini as the
judge model for its speed and accuracy.

Differential diagnoses typically contain between five to ten candidate diagnoses which are
followed-up in a clinical setting. Also following the evaluation schema established by prior work,3

each model is evaluated a total of 10 times (temperature of 0.8 and top-p of 0.95), and the pass@N
performance is recorded.

As an external validation to the MedCaseReasoning Test Set, we also evaluate models on
case reports from NEJM Clinicopathologic Conferences. In particular, we use a subset of 302 cases
from previous works3,13,18 as a gold-standard dataset of complex diagnostic cases. We manually
extracted each case report with a personal license and fed the case presentation portion as the case
prompt without any additional modifications. As NEJM CPC is not an open-access publication, we
are not able to open-source this validation set. Additionally, no NEJM case reports were included in
MedCaseReasoning or used in training any models.

2.3. Evaluating Reasoning Traces in Models

While some case studies include comprehensive reasoning steps, it is not guaranteed that case reports
include an exhaustive set of reasoning steps. As such, we focus our study on evaluating how well
models recall clinician-produced reasons (as opposed to evaluating precision). We define this metric
as the “Reasoning Recall”. (Note: We were not able to evaluate reasoning recall for OpenAI o3
and other frontier models where the full reasoning traces are not available via API call. While they
can produce reasoning tokens when prompted (i.e. with <think> tags), the comprehensive reasoning
that is used to inform a diagnosis is not accessible. We do not score such prompted explanations,
which are produced separately from the hidden reasoning behind the diagnosis and would not be
comparable to the native traces of open models.)
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Definition 1 (Reasoning Recall). Let N be the total number of cases. For each case i, let

Ri = {groundtruth reasons from case report},
Ti = {reasons from model reasoning trace}.

For case i, the recall rate is

ci =
|Ri ∩ Ti|

|Ri|
.

The Reasoning Recall is the average of these rates:

RR =
1

N

N∑
i=1

ci =
1

N

N∑
i=1

|Ri ∩ Ti|
|Ri|

.

For example, a reasoning recall of 50% indicates that on average, a model’s reasoning trace will
cover half of the reasons provided by the case report. We evaluate the reasoning trace associated
with its best-of-10 response, where we use the trace from a randomly selected correct response (or
incorrect if there are no correct responses). The evaluation is implemented using an LLM-as-a-judge,
where o4-mini is instructed to return a JSON with a decision on whether each of the groundtruth
reasons are found in the reasoning trace. The prompt used is found in the Supplementary Material.

For example, in Table 2 the reference reasoning has three statements (Wilson-disease recurrence,
tacrolimus-induced psychosis, and substance-related causes, each ruled out), so |Ri| = 3. The judge
checks each statement against the full trace: the base LLaMA-3.1-8B-Instruct trace addresses only
Wilson disease (ci = 1/3), while the fine-tuned trace addresses all three (ci = 1).

Validating the reasoning judge. We validate our LLM-as-a-judge for determining reasoning
recall with verification from a board-certified physician. The physician was given N=33 cases and
was asked to verify the LLM judge’s decisions on a total of 89 pairs of groundtruth reasons and
model thinking traces. The cases were randomly sampled across all evaluated models. For example,
for a given case report that contained three reasoning steps, the physician was asked to cross-check
each step against the entire model reasoning trace to see if it was considered. The physician found
84/89 (94.4%, 95% CI of 87.5%-97.6%) of pairs of reasons and thinking traces to be correctly
assessed by the model, and a total of 31/33 (93.9%, 95% CI of 80.4%-98.3%) cases to be judged
correctly on every one of their reasoning statements (i.e., the physician agreed with all of the judge’s
found/not-found decisions for that case).

2.4. Supervised Fine-Tuning on Case Report Reasoning

In addition to evaluating model reasoning traces, we explore whether fine-tuning on extracted
reasons directly can improve model performance on diagnostic accuracy and reasoning recall. One
technical challenge is that the extracted diagnostic reasoning is formatted as an enumerated list of
summary points and quotations, rather than a cohesive reasoning trace. Naturally, we can use LLMs
to "stitch" the list of points into reasoning traces without adding new information. Given the case
prompt, reasoning points, and final diagnosis, the stitching model rewrites all points as one narrative,
reusing quotations nearly verbatim and adding no reasoning of its own. We provide the prompt used
to perform this step in the Supplementary Material. The stitching process may introduce biases if a
stronger model introduces its own priors into the reasoning traces. To control for this, each training
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Table 3. Performance of models on MedCaseReasoning’s test set (N=897). Each model is evaluated on
reasoning recall and diagnostic accuracy (broken down into Pass@1, Pass@5, and Pass@10). Each cell

reports the point estimate, with its bootstrapped 95% confidence interval (lower–upper bound) in subscript.
Reasoning recall is not available for OpenAI o3 as the reasoning traces are not provided via API. We

additionally perform supervised fine-tuning (SFT) on three open-source models on the training split of
MedCaseReasoning and find significant improvements in both reasoning recall and diagnostic accuracy
(average absolute gains of 10.4 and 13.5 percentage points in reasoning recall and Pass@10, respectively).

MedCaseReasoning Test Set

Base Models Reasoning Recall Pass@1 Acc. Pass@5 Acc. Pass@10 Acc.

OpenAI o3 N/A 0.4700.440-0.500 0.6090.579-0.639 0.6450.618-0.675

DeepSeek R1 0.6420.616-0.667 0.3200.291-0.349 0.4470.417-0.478 0.4800.450-0.510

QwQ-32B 0.5900.560-0.619 0.2720.245-0.302 0.3710.341-0.400 0.3980.368-0.428

MedReason-8B 0.4070.383-0.431 0.2480.224-0.275 0.3310.303-0.363 0.3820.353-0.412

LLaMA-3.1-8B-Instruct 0.4510.428-0.475 0.1610.138-0.184 0.2810.252-0.311 0.3320.304-0.360

m1-7b-23k 0.4950.440-0.551 0.1550.133-0.177 0.2380.211-0.264 0.2910.262-0.321

Qwen-2.5-7B 0.3240.301-0.347 0.1740.152-0.197 0.2520.223-0.279 0.2870.259-0.316

Fine-Tuned Models Reasoning Recall Pass@1 Acc. Pass@5 Acc. Pass@10 Acc.

MedReason-8B (SFT) 0.5220.498-0.545 0.3030.276-0.331 0.4300.400-0.459 0.5010.470-0.532

LLaMA-3.1-8B-Instruct
(SFT)

0.4850.460-0.510 0.2780.249-0.307 0.4110.378-0.443 0.4790.448-0.509

Qwen-2.5-7B (SFT) 0.4860.461-0.510 0.2490.221-0.278 0.3630.335-0.394 0.4250.394-0.455

set is stitched once, before training, by the base checkpoint of the model to be fine-tuned, so the
fine-tuned model never generates its own training data. Only the training split is stitched; evaluation
uses the enumerated reference reasoning. An example of a stitched reasoning trace can be found in
the Supplementary Material.

Using supervised fine-tuning (SFT), we train two popular open-source base models, namely
Qwen-2.5-7B-Instruct and LLaMA-3.1-8B-Instruct. Additionally, to test the marginal value of our
reasoning dataset, we include MedReason-8B, a model based on LLaMA-3.1-8B-Instruct that was
previously fine-tuned on a synthetic medical reasoning dataset. We updated each model with
full-weight fine-tuning for three epochs on 8 NVIDIA H100 GPUs with a learning rate of 2e-5
and batch size of 256. All other hyperparameters are default according to the verl Python package
implementation of SFT (version v0.3.0.rc0). We focus on 7–8B models to match existing open
medical reasoning models (MedReason-8B, m1-7b-23k) and because models of this size can be
run locally by health systems; larger models are left to future work.

3. Results

3.1. Dataset Quality: Physician Validation of Extracted Cases

We performed a human validation of the model-generated case prompts, diagnostic reasons, and
final diagnoses on the MedCaseReasoning dataset. Our study included four U.S. board-certified
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physicians reviewing a total of 100 cases. Each physician reported spending an average of 10-20
minutes per case. The figures below are the proportion of the 100 reviewed cases for which the
reviewing physician answered “yes” to each question, with bootstrapped 95% confidence intervals;
they are not an inter-rater agreement statistic, since each case was reviewed by a single physician.
We found that 98% of the generated cases were free of hallucinations in the case prompt or
diagnostic reasoning. We also report that 92% of final diagnoses were reported to have been
faithful to the article and reasonably inferrable from the details of the case prompt. Finally, 93%
of diagnostic reasoning steps were faithful to the case report and clinically relevant. This review
assessed the faithfulness and relevance of the extracted reasoning, not its completeness: it did not
ask whether every alternative discussed in the source article was captured. The results are found in
the Supplementary Material.

3.2. Benchmark Results: Diagnostic Accuracy

We evaluate the following combination of frontier reasoning models and popular open-sourced
models: OpenAI o3, DeepSeek R1, QwQ-32B, MedReason-8B, m1-7b-23k, LLaMA-3.1-8B-Instruct,
and Qwen-2.5-7B-Instruct.

The models are each evaluated on pass@1, pass@5, and pass@10 accuracy, listed in Table 3
(NEJM CPC results in the Supplementary Material). Overall, we found that diagnostic reasoning
remains a difficult task for top-performing LLMs. OpenAI o3 performs significantly better than
the rest of the models, with 64.5% pass@10 accuracy on the MedCaseReasoning test set,
whereas DeepSeek R1 achieves 48.0%. In comparison, OpenAI o3 and DeepSeek R1 achieve
similar scores of 62.3% and 43.7% pass@10 accuracy on NEJM CPC, signaling the validity of
MedCaseReasoning as an open-access alternative evaluation set for diagnostic cases.

We find that supervised fine-tuning significantly improves model performance across both test
sets. For example, on the MedCaseReasoning test set, MedReason-8B improves by 31% (11.9
percentage points, from 38.2% to 50.1%) pass@10 accuracy, outperforming DeepSeek R1. Of note,
this model also improves by 18% (5.3 percentage points, from 29.5% to 34.8%) on NEJM CPC and
outperforms QwQ-32B. This provides evidence of the generalizability of MedCaseReasoning
training data, as NEJM CPC consists of out-of-distribution, hand-crafted diagnostic cases that are
often much longer in length.

3.3. Benchmark Results: Reasoning Recall

We evaluate six of seven models that provide reasoning traces on reasoning recall and find that
the top model, DeepSeek R1, covers 64.2% of the reasoning steps provided in case reports. We
also found that MedReason-8B, a model explicitly trained on synthetically generated medical
reasoning traces, did not have substantially higher reasoning recall, and even had lower recall than
LLaMA-3.1-8B-Instruct’s base model. However, after SFT on MedCaseReasoning, each of the
base models improved significantly on reasoning recall. For example, MedReason-8B improved by
28% (11.5 percentage points) and Qwen-2.5-7B-Instruct improved by 50% (16.2 percentage points).

Qualitatively, the reference reasoning that base models missed was often candidate diagnoses
never considered or exclusionary symptoms for common diagnoses (we leave quantifying these
error types to future work). For example, one case report focused on a case of Adult-onset Still’s
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disease (AOSD), which presented very similarly to Rocky Mountain Spotted Fever (RMSF). The
model (m1-7b-23k) made a diagnosis for RMSF, missing reasoning about the patient presentation
from the case report: “We feel that our patient’s symptoms were not due to RMSF, because the
rash was salmon colored and worsened with the fever spikes.”. We found a significant correlation
between model performance and reasoning recall (Pearson r=0.710, p=0.0485), indicating the value
of measuring reasoning steps as a proxy for model performance itself. Furthermore, we also observe
a significant correlation between the length of the model’s reasoning trace and the reasoning recall
(r=0.790, p=0.0196). Since recall does not penalize extraneous content, and the scored trace is
selected conditional on correctness, both correlations should be interpreted with caution (Section 5).

4. Discussion

MedCaseReasoning addresses a critical gap in current medical benchmarks: the assessment
of diagnostic accuracy without scrutinizing the underlying reasoning process. SFT with the
MedCaseReasoning training dataset demonstrates that smaller models, such as Llama 3.1 8B and
Qwen 2.5 7B, can achieve diagnostic accuracy comparable to or exceeding that of larger models like
QwQ-32B and DeepSeek-R1 after SFT. While prior studies (22,23) have explored learning reasoning
from synthetic traces generated by more powerful models, our research is the first to demonstrate
the efficacy of training directly on diagnostic reasoning derived from clinician-written case reports.

Compared to established benchmarks like MedQA, where leading models such as GPT-4o have
already achieved over 90% accuracy, diagnostic performance on MedCaseReasoning currently
peaks at 64.5%, and it correlates strongly with performance on NEJM CPC (Figure 2), while being
open-access and substantially larger.

5. Limitations

Our study presents several limitations. First, in order to enable scalable, systematic evaluation, we
use LLMs to score model adherence to reasoning traces and diagnostic accuracy. LLMs are known
to hallucinate facts and exhibit certain biases, which may be propagated when LLMs are used as
judges as well. Our validation of the reasoning judge relied on a single physician and 33 cases
(89 reasoning statements); a larger sample annotated by multiple physicians, with inter-annotator
agreement, would give a more precise estimate of judge reliability. Some case reports may lack
sufficient detail for a definitive diagnosis or present trivial cases. The QA conversion process can
also introduce variability, where case details may be inadvertently left out or hallucinated. While we
implemented a clinician-validated filtering pipeline for the test set to ensure reasoning statements are
grounded in the case presentation, some intractable cases (eg. ones where the diagnosis cannot be
made without certain information) or trivial cases (eg. ones where the diagnosis is given away in the
prompt) still persist. In particular, some reference statements depend on findings withheld from the
case prompt (e.g., histopathology), which our filters do not explicitly remove, and extraction may
be incomplete, since physicians checked faithfulness and relevance but not completeness. Newer
extraction models may reduce both errors.

Second, MedCaseReasoning captures the case presentation at a single timestep before asking
for a final diagnosis. It does not reflect the iterative, multi-stage nature of real-world clinical
diagnosis, which involves refining differential diagnoses based on evolving information from tests,
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imaging, and treatment responses. Case reports also over-represent rare or complex presentations,
so performance should not be read as everyday diagnostic accuracy.

Third, our reasoning recall metric only captures clinical reasoning provided within case
reports. Diagnostic reasoning is inherently subjective, and while our extensive training corpus
aims to encompass diverse diagnostic standards, the alignment metric should be interpreted as
adherence to observed clinical reasoning patterns across a diverse range of clinicians rather than
an absolute, single gold standard. Reasoning recall also measures coverage only and does not
penalize unsupported or extraneous reasoning; consistent with this, trace length correlates with recall
(r = 0.790), and a precision-style or length-controlled metric would complement it. Scoring a correct
generation whenever one exists also couples recall to pass@10; recall on a fixed generation would
separate the two.

Fourth, some open-access case reports may appear in LLM pretraining data, which could inflate
scores, although low frontier-model accuracy, enrichment for post-2020 reports, and agreement with
the license-restricted NEJM CPC suggest memorization does not dominate.

The models we train and open source are for research purposes only and are not intended to be
used for diagnosis of real patients. Accordingly, the misuse of these models risks inaccurate medical
diagnoses and potential patient harm.

6. Conclusion

We introduced MedCaseReasoning, an open-access benchmark and training set of 13,989
diagnostic cases built from clinician-written case reports, with reference reasoning that lets models
be evaluated on how they reach a diagnosis, not only on the diagnosis. Current reasoning LLMs leave
substantial room for improvement on both: the best model reaches 64.5% pass@10 accuracy, and the
best open model recalls 64.2% of the reference reasoning. Fine-tuning 7–8B models on reasoning
traces derived from MedCaseReasoning improves both diagnostic accuracy and reasoning recall,
and these gains transfer to the held-out NEJM CPC benchmark. Because the pipeline can be rerun
on new case reports, MedCaseReasoning can grow over time.

Data and Code Availability

Dataset: https://huggingface.co/datasets/zou-lab/MedCaseReasoning
Code and supplement:
https://github.com/kevinwu23/Stanford-MedCaseReasoning

Institutional Review Board (IRB)

This research used only publicly available, open-access case reports and involved no patient
recruitment or interaction; physician review used no identifiable data beyond the published
literature.
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Background: Identification of in-hospital cardiac arrest (IHCA) through manual chart
abstraction is the gold standard, but its time-consuming and resource-intensive, which nat-
urally limits its practicality. Diagnostic codes provide an accessible automated alternative,
but prior work has shown this method of extraction has poor sensitivity and poor positive
predictive value. More accurate and scalable automated methods are needed to support
IHCA surveillance and research.
Methods: We developed large language model (LLM)-based systems that incorporated
physician-defined clinical knowledge through guideline-enriched prompting, supervised fine-
tuning, and a correction procedure. The systems identified IHCA events and their loca-
tions from electronic health record notes. Performance was evaluated at the encounter level
against physician-adjudicated chart review and compared with ICD-code–based identifica-
tion.
Results: Compared with an ICD-code–based algorithm (precision 0.68, recall 0.91, F1
score 0.78), the supervised fine-tuned LLM offered substantially better performance for
IHCA identification on a curated evaluation corpus, reaching a precision of 0.88, a recall
of 1.00, and an F1 score of 0.94. When tested on a larger, unselected validation cohort of
45,525 encounters, a separate LLM configuration—relying on guideline-enriched prompting
and a self-correction procedure rather than fine-tuning—achieved a precision of 0.79 for
encounter-level IHCA identification, meaning most encounters flagged by the model were
genuine IHCA cases. The fine-tuned LLM underperformed on this cohort most likely due
to its inability to self-correct its decisions. Using a separate model for the correction step,
we mitigated this issue and reached a high precision of 0.94.
Conclusion: Explicit integration of clinical knowledge through prompting and supervised
fine-tuning enabled accurate identification of IHCA events and locations from routine clin-
ical documentation. In a two-pass workflow, these systems could prioritize encounters for
clinician adjudication, reduce manual screening requirements, and support more scalable
IHCA surveillance and registry development.

Keywords: In-Hospital Cardiac Arrest, Sudden Cardiac Arrest, Information Extraction,
Large Language Models, Generative Systems, Supervise Fine-Tuning

1. Introduction

In-hospital cardiac arrest (IHCA) affects approximately 300,000 patients annually in the
United States, corresponding to 1.6 to 2.8 events per 1000 hospital admissions.1 Survival
to hospital discharge remains no higher than approximately 25%, underscoring the substan-
tial mortality associated with these events.2 IHCA is conventionally defined as cessation of
cardiac activity in a hospitalized patient requiring chest compressions and/or defibrillation as
part of cardiopulmonary resuscitation (CPR).3

Despite advances in resuscitation care, the incidence of IHCA has continued to increase,
while improvements in survival have recently plateaued.1,4 These trends highlight the need

© 2026 The Authors. Open Access chapter published by World Scientific Publishing Company and
distributed under the terms of the Creative Commons Attribution Non-Commercial (CC BY-NC)
4.0 License.
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for accurate surveillance systems that can support benchmarking, outcomes research, and
data-driven quality improvement. Accordingly, the American Heart Association’s “Ten Steps
Toward Improving In-Hospital Cardiac Arrest Quality of Care and Outcomes” identifies the
development of high-quality IHCA registries as a central component of efforts to improve
resuscitation care.5

Current IHCA research relies heavily on prospective registries in which trained person-
nel manually abstract information from medical records and cardiac arrest flow sheets. The
largest such registry in the United States is the American Heart Association’s Get With The
Guidelines–Resuscitation registry.6 However, only 5–6% of US hospitals participate in the reg-
istry in a given year, limiting the representativeness and reach of registry-based surveillance.7

Expanding participation will require methods that preserve the clinical validity of expert
adjudication while reducing the associated abstraction burden.

Outside prospective registries, IHCA cohorts are generally identified through manual chart
review or through International Classification of Diseases (ICD) diagnosis and procedure codes
extracted from the electronic health record (EHR).8,9 Manual review provides clinically de-
tailed case ascertainment but requires substantial time and specialized expertise. ICD-based
methods are considerably more scalable, but they have demonstrated limited sensitivity and
positive predictive value for IHCA because of missing codes, miscoding, and codes carried for-
ward from previous encounters.8,9 Regional and temporal variation in coding practices further
limits their reliability for longitudinal surveillance and interinstitutional benchmarking.10

Clinical notes provide a richer representation of the events, interventions, and contextual
information needed to determine whether an IHCA occurred. Natural language processing
(NLP) and large language models (LLMs) have been applied to clinical text to identify car-
diovascular phenotypes and risk factors, including heart failure, recurrent atrial fibrillation,
and heart disease risk factors.11–14 To our knowledge, however, prior work has not addressed
automated IHCA case identification from unfiltered clinical documentation. This task requires
more than recognition of cardiac-arrest terminology: a system must apply clinically defined cri-
teria, distinguish current events from historical or hypothetical mentions, determine whether
resuscitative treatment occurred, and resolve whether the event began in an inpatient unit,
the emergency department, or outside the hospital.

In this study, we investigate two complementary approaches for integrating physician-
defined IHCA knowledge into LLMs. First, we explicitly encode clinical definitions and anno-
tation rules through guideline-enriched prompting and few-shot examples. Second, we incorpo-
rate the same clinically adjudicated knowledge into the model parameters through supervised
fine-tuning and evaluate and refine its predictions using external-model or self-correction pro-
cedures. Although these methods are widely used in this rapidly evolving field, our contribution
lies in their systematic combination and evaluation for IHCA detection, particularly across
curated and real-world cohorts.15 We develop and evaluate LLM-based systems for identify-
ing IHCA events and their locations from unfiltered EHR notes, using physician-adjudicated
chart abstraction as the reference standard and ICD-code-based identification as the principal
comparator.
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2. Materials and Methods

2.1. Data Compilation and Annotation

This study was reviewed and approved by the Cedars-Sinai Medical Center Institutional
Review Board. We constructed two datasets for model development and evaluation. The
first, termed the Evaluation Corpus, comprised 500 clinical encounters, defined as a complete
episode of care from intake through discharge, from the Cedars-Sinai Medical Center electronic
health record (EHR). An individual patient could contribute more than one encounter. For
each encounter, the corpus included the available inpatient documentation, including emer-
gency department (ED) notes, discharge summaries, and Code Blue notes recorded following
cardiac arrest resuscitation. An encounter could contain multiple notes of the same type.

To obtain sufficient positive examples for model development, the Evaluation Corpus com-
bined code-enriched and randomly sampled encounters. Of the 500 encounters, 47% contained
at least one diagnosis or procedure code selected to identify a potential cardiac arrest, while
the remaining 53% were randomly sampled encounters. Code presence was used only for co-
hort enrichment and was not treated as evidence that an IHCA had occurred. The codes used
for sampling are listed in Table 1.

Table 1: Diagnosis and procedure codes used to enrich the Evaluation Corpus for potential
cardiac arrest encounters

Code Description

I49.01 Ventricular fibrillation

I49.02 Ventricular flutter

I46.2 Cardiac arrest due to underlying cardiac condition

I46.8 Cardiac arrest due to other underlying condition

I46.9 Cardiac arrest, cause unspecified

92950 Cardiopulmonary resuscitation

5A12012 Performance of cardiac output, single, manual

02QA0ZZ Repair heart, open approach

Before annotation began, the two lead investigators iteratively developed annotation guide-
lines grounded in the Utstein definition of IHCA as pulselessness requiring chest compressions
and/or defibrillation in a hospitalized patient.3 Two physicians (JV and AUE) independently
applied the draft guidelines to a pilot sample of 50 notes. They adjudicated disagreements
and refined the guidelines until no further modifications were required. The final annotation
guidelines were previously published by Vo et al.16

Using these guidelines, JV and AUE annotated 3,822 notes from the 500 encounters. The
physician annotations served as the reference standard. A note was labeled IHCA when the
clinical text clearly documented a pulseless event treated with chest compressions and/or
external defibrillation; otherwise, it was labeled not IHCA. Labels were based on whether re-
suscitative treatment was delivered rather than on whether treatment was clinically indicated
or concordant with the patient’s code status. Thus, a pulseless event was labeled IHCA when
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chest compressions and/or external defibrillation were performed, including when the patient
had a pre-existing do-not-resuscitate or comfort-care order. A pulseless event for which resus-
citation was not attempted was labeled not IHCA. A note was classified as positive for IHCA
only when it documented both the occurrence of cardiac arrest or pulselessness and the deliv-
ery of resuscitative treatment, such as chest compressions or defibrillation. In the rare cases
in which these two criteria were documented separately across multiple notes, the presence of
multiple notes for the same patient generally ensured that at least one note documented both
criteria together, thereby minimizing the risk of missing an IHCA.

Identifying all episodes of in-hospital pulselessness, including events without attempted
resuscitation, represents an important but distinct surveillance objective relevant to end-of-
life care and adherence to treatment limitations. Such events were outside the scope of this
study, which was designed to align with Utstein-style IHCA registries focused on cardiac
arrests for which resuscitation was attempted.3

For each note labeled positive for IHCA, we also annotated the location of the arrest. Loca-
tion was categorized as: 1) in-hospital (IH), including critical care units, operating rooms, and
cardiac catheterization laboratories; 2) emergency department (ED); and 3) out-of-hospital
cardiac arrest for which treatment was initiated out of the hospital and continued on arrival
to the emergency department (OH-ED). The third category, OH-ED (out-of-hospital cardiac
arrest with continued treatment in the ED), is not conventionally included in standard IHCA
definitions; its inclusion here was intended to facilitate identification of this subgroup and per-
mit its exclusion in future research, as appropriate. For notes documenting multiple arrests,
only the first arrest was labeled.

Following annotation of each individual note within an encounter, two physicians reviewed
all notes for each encounter to adjudicate IHCA status and location at the encounter level. If
there were multiple IHCA events in one encounter, the encounter-level location was adjudi-
cated from the first event.

We randomly split the Evaluation Corpus into a training set (300 encounters, 60%), a
development set (50 encounters, 10%), and a test set (150 encounters, 30%). The training set
included 99 encounters with at least one IHCA event, comprising 172 notes labeled positive
for IHCA. Of these 99 encounters, 6% were further classified as OH-ED (6 encounters, 12
notes), 17% as ED (17 encounters, 37 notes), and 77% as IH (76 encounters, 123 notes).
The development set included 11 positive encounters, comprising 22 IHCA-positive notes.
Of these encounters, 18% were classified as OH-ED (2 encounters, 5 notes), 9% as ED (1
encounter, 3 notes), and 73% as IH (8 encounters, 14 notes). Finally, the test set included 37
positive encounters, comprising 70 IHCA-positive notes: 8% of these encounters were classified
as OH-ED (3 encounters, 6 notes), 16% as ED (6 encounters, 16 notes), and 76% as IH (28
encounters, 48 notes). Two physicians independently annotated the same 50 encounters for
presence and location of IHCA, noting a Cohen’s kappa of 0.951 for IHCA presence (almost
perfect agreement) and 0.838 for IHCA location (strong agreement).17

Because the Evaluation Corpus was enriched with potential IHCA cases identified using
diagnosis and procedure codes, its IHCA prevalence was higher than that expected in routine
hospital data. We therefore conducted an additional evaluation using a year of encounters
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from the ongoing Observational Study of Sudden Cardiac Arrest (OSCAR) cohort.18 (dated
between January 1 and December 31, 2023 (n = 45,525)), including inpatient, emergency de-
partment, and observation encounters, as well as encounters containing a Code Blue note.
Ambulatory encounters were excluded. No additional code-based enrichment or case preselec-
tion was applied.

The LLM was applied to all encounters in the 2023 OSCAR subset, and encounters pre-
dicted as IHCA were reviewed by two physicians (JV and AUE).18 For each model-flagged
encounter, the physicians reviewed all flagged notes and determined whether the event met
the Utstein definition of IHCA.3,18 Encounters meeting this definition were classified as true
positives, whereas the remaining model-flagged encounters were classified as false positives.
Because model-negative encounters were not systematically adjudicated, this analysis was
designed to estimate precision rather than recall or overall classification accuracy.

2.2. LLM choice and prompt development

As an initial step, we developed a strong off-the-shelf, prompt-based system to establish a
performance baseline before supervised fine-tuning. We selected Meta’s LLaMA 3.1-405B
instruction-tuned model because it is an open-weight model available with strong general
instruction-following capabilities that can be deployed within on-premises computing environ-
ment, although it requires substantial computational resources.19

We evaluated different approaches, beginning with two prompt-based baselines. In the first
baseline approach (line 2 in Table 2), the LLM was given a role description, a concise statement
of the task (classifying notes mentioning IHCA and location), and the note text. In the second
baseline (line 3 in Table 2), we augmented this prompt with a summary of the clinical guide-
lines used for annotation, concise definitions of clinical concepts, and rule-based restatements
of the guidelines to compensate for the model’s limited exposure to clinician-authored med-
ical documents. We then enhanced this second baseline using few-shot and chain-of-thought
prompting.20 Few-shot prompting was implemented by adding a 10 training examples with cor-
rect IHCA and location labels, selected through iterative error analysis to highlight common
false positives as well as representative true positives and true negatives. Chain-of-thought
prompting, asking the LLM to briefly justify its predictions and cite supporting phrases, aka
quotes, from the note, promotes step-by-step reasoning to improve explainability and encour-
age grounding.20 Finally (line 4 in Table 2) added a self-correction step on top of this enhanced
prompt. For each note, we first obtained the model’s classification and reasoning, then trig-
gered a second review only for notes initially classified as IHCA, as most remaining errors
involved false positives or misassigned locations. In this review, the model received the initial
classification, location, reasoning, and note text, and was instructed to confirm or revise its
decision using one of three location-specific prompts (IH, ED, or OH-ED).

2.3. Supervised full fine-tuning LLM

In the second step of our approach, we investigated training the model to further improve
performance. We deliberately selected a small model so that full-parameter supervised fine-
tuning could be conducted within our available computational resources. This allowed us
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to study direct task adaptation by updating all model weights, while maintaining a training
procedure that was computationally feasible and reproducible. We did not evaluate parameter-
efficient fine-tuning methods such as LoRA or preference-optimization approaches such as
RLHF, as these would have required additional method-specific hyperparameter tuning and
experiments beyond the scope of this study. Such approaches may be more appropriate for
larger models and remain important directions for future work.

With numerous open-source LLMs now available spanning different sizes and performance
levels, we chose the Qwen 3 series21 for our experiments. This series includes both dense
and mixture-of-experts models ranging from 0.6 to 235 billion parameters and is specifically
optimized for reasoning. Computational and time constraints led us to select the smaller
Qwen3-4B Instruct variant. We conducted fine-tuning using the Transformer Reinforcement
Learning (TRL) library,22 chosen for its integration with Hugging Face Transformers.

To train the model, we presented each note and, using the same final prompt as for the
system in line 3 of Table 2, asked the model to generate a JSON object indicating whether
the note mentioned an in-hospital cardiac arrest and, if so, where it occurred (IH, ED, or OH-
ED), along with supporting quotes from the text and a short explanation for its decision. We
corrected the model’s output whenever it diverged from labels assigned by our physicians; for
notes labeled as mentioning an in-hospital cardiac arrest, we provided a single standardized
explanation—”The patient experienced a cardiac arrest and received treatment for it”—along
with the supporting quotes as the correction. We fine-tuned the model for eight epochs on
four NVIDIA A100 GPUs using a learning rate of 1 × 10−5 and an effective batch size of 16
examples per optimization step. The effective batch size was obtained using a per-device batch
size of 2 and two gradient-accumulation steps. Training used BF16 mixed precision. We used
TRL’s default token-level cross-entropy loss, leaving all other training parameters at their
default values. We selected the final checkpoint produced at the end of training.

2.4. Testing and validation

We evaluated the performance of each baseline and the final system on the test set of the
Evaluation Corpus at the encounter level. Encounter-level IHCA predictions were chosen over
note-level predictions because clinical and research applications depend on whether a patient
experienced IHCA during an encounter, rather than whether an individual note mentions
IHCA, and because ICD codes also identify IHCA at the encounter level.

As a conventional NLP baseline, we compared the performance of our trained model against
a simple baseline (line 5): the out-of-the-box Qwen3-4B Instruct model, prompted with our
final prompt and our 10 few-shot examples. We also fine-tuned Bio ClinicalBERT,23 a BERT-
based encoder pretrained on biomedical literature and MIMIC-III clinical notes, as a four-
class note-level classifier. Because its 512-token context window was exceeded by a 20% of
the notes, longer notes were divided into overlapping 512-token windows with a 128-token
stride and window level predictions were aggregated to the note level. Note-level predictions
were subsequently aggregated at the encounter level using the same procedure as for the
other systems. The model was fine-tuned for eight epochs with an effective batch size of 16, a
learning rate of 2 × 10−5, BF16 precision, and inverse-square-root-frequency class weighting,
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with the checkpoint selected by encounter-level macro F1 on the development set.
We compared models performance to performance of ICD codes commonly used to identify

IHCA (ICD codes I49.01, I49.02, I46.2, I46.8, I46.9, CPT code 92950, and procedure codes
5A12012 and 02QA0ZZ). ICD performance was evaluated in two steps. To assess recall, these
codes were applied to a gold-standard list of known IHCA encounters from the annotated
corpus, and any positive encounters not captured by the codes were counted as false negatives.
To assess precision, we applied the same codes to encounters from the larger OSCAR study
between 7/1/2021 and 10/31/2021 (2021 OSCAR subset), and a physician adjudicated each
candidate as IHCA or not; encounters adjudicated as not IHCA were counted as false positives.

We summarized binary encounter-level performance for IHCA detection using precision,
recall, and F1 score: precision (equivalent to positive predictive value) denotes the proportion
of predicted IHCAs that are true IHCAs, recall (equivalent to sensitivity) denotes the propor-
tion of true IHCAs correctly identified, and F1 score denotes the harmonic mean of the two.
Multiclass performance for IHCA location was assessed using a confusion matrix, with correct
predictions appearing on the diagonal (see Figure 1).24

3. Results

Table 2 details the performance of all systems. First, all generative systems achieve higher F1
scores than the ICD-based system (line 1) and Bio ClinicalBERT (line 8) on the test set of the
Evaluation corpus, regardless of the settings used to generate answers. The Bio ClinicalBERT
baseline (line 8) achieved an encounter-level precision of 0.62, recall of 1.00, and F1 score of 0.76
on the Evaluation corpus test set. In preliminary experiments, inverse-frequency class weight-
ing yielded the same recall of 1.00 but substantially lower precision (0.29) and F1 score (0.45);
inverse-square-root-frequency weighting was therefore used for the final Bio ClinicalBERT
baseline.

Second, prompt refinement produced a six-point gain in F1 for Llama 405B with few-shot
prompting (line 3), compared with the baseline prompt (line 2), on the Evaluation corpus test
set. Adding the self-correction step then reduced recall from 1.0 to 0.97 (line 3 vs. line 4), while
precision increased from 0.86 to 0.88 on the Evaluation corpus and from 0.47 to 0.79 on the
OSCAR corpus. Finally, full fine-tuning supervision produced the largest F1 gains: the best-
performing system (line 6) achieved perfect recall on the Evaluation corpus test set and an F1
score of 0.94, compared to 0.92 for LLaMA-405B, a model 100 times larger. On the OSCAR
corpus, precision for this system achieve a low 0.59 compared to 0.79 for LLaMA-405B. Note
that, on the Evaluation corpus, although the fine-tuned Qwen3-4B model (line 6) outperformed
LLaMA-405B (line 4), the difference did not reach statistical significance (paired bootstrap on
binary note-level classification: 95% CI [-0.002, 0.097], p = 0.068). Despite a substantial overall
sample size (N=1203), the relatively small number of positive cases (n=70) limited statistical
power to detect differences in F1 score between systems. By contrast, on the OSCAR corpus,
the LLaMA-405B (line 4) achieved significantly higher precision than the fine-tuned Qwen3-
4B model (line 6): (paired bootstrap on binary note-level classification, restricted to notes
flagged by at least one system: 95% CI [-0.142, -0.067], p < 0.001).
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Table 2: IHCA detection performance at the Encounter-level: Evaluation and OSCAR 2023
Corpora. FS stands for few-shots, SFT for supervised fine-tuning, SC for self-correction, LC
for Llama correction.

Evaluation corpus OSCAR 2023 corpus
Prec. Rec. F1 Prec.

1. ICD Codes 0.68 0.91 0.78 —
2. Llama 405B - Basic Prompt 0.77 1.0 0.87 —
3. Llama 405B - Final Prompt + FS 0.86 1.0 0.93 0.47
4. Llama 405B - Final Prompt + FS + SC 0.88 0.97 0.92 0.79
5. Qwen 3 4B - Final Prompt + FS + SC 0.86 0.73 0.79 —
6. Qwen 3 4B - Final Prompt + SFT + SC 0.88 1.00 0.94 0.59
7. Qwen 3 4B - Final Prompt + SFT + LC 0.94 0.89 0.92 0.94
8. Bio ClinicalBERT 0.62 1.0 0.76 —

None OH-ED ED IH

None 111 0 0 2

OH-ED 1 2 0 0

ED 1 0 6 0

IH 2 0 0 25

Predicted

A
c
t
u
a
l

Evaluation corpus

None OH-ED ED IH

None 45335 7 2 2

OH-ED 1 11 0 0

ED 4 8 40 3

IH 8 0 5 99

Predicted

A
c
t
u
a
l

OSCAR corpus

Fig. 1: Confusion matrices for encounter-level IHCA prediction by the fine-tuned Qwen3-4B
model with Llama correction (line 7 in Table 2) on the test set of the Evaluation Corpus
(left) and the OSCAR Corpus (right). Values along the diagonal indicate correct predictions;
values in red indicate incorrect predictions. None refers to no IHCA. OH-ED refers to SCA
that begins outside of the hospital with treatment continuing in the ED. ED refers to arrest
that begins in the ED. IH refers to arrest that begins while admitted to the hospital.

4. Discussion

This study demonstrates that physician-defined clinical knowledge can be incorporated
into LLM-based IHCA identification through both contextual and parametric adaptation.
Guideline-enriched prompting, few-shot examples, and targeted self-correction substantially
improved the performance of an off-the-shelf LLaMA 3.1-405B model, while supervised full
fine-tuning enabled a much smaller Qwen3-4B model to achieve the best overall performance.
On the Evaluation Corpus, the fine-tuned Qwen3-4B model achieved a precision of 0.88, re-
call of 1.00, and F1 score of 0.94. These findings extend our previous work on LLM-based
IHCA identification by showing that task-specific supervised adaptation can encode clinically
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adjudicated definitions and decision rules within a smaller model.16

The progression across prompt configurations also illustrates the value of explicitly repre-
senting clinical knowledge. The basic prompt required the model to classify a note using only
a role description and task statement. Adding the physician-developed annotation guidelines,
clinical definitions, selected examples, and evidence-grounded rationale instructions increased
F1 from 0.87 to 0.93. The self-correction step produced a modest reduction in recall but im-
proved precision, particularly in the lower-prevalence OSCAR cohort. These results suggest
that explicit decision criteria and targeted review of likely error cases can improve discrim-
ination between true IHCA events and clinically similar documentation, including historical
arrest mentions, ED arrests, and out-of-hospital arrests with continued treatment in the ED.

Supervised fine-tuning produced an additional improvement over prompting alone. The
fine-tuned Qwen3-4B model achieved an F1 score of 0.94, compared with 0.92 for the prompted
LLaMA 3.1-405B model with self-correction. Although this difference did not reach sta-
tistical significance on the Evaluation Corpus, the finding is operationally relevant: a 4-
billion-parameter model may be more feasible for secure local deployment than a 405-billion-
parameter model. The result also indicates that task-specific clinical supervision can partially
compensate for differences in model scale.

The OSCAR analysis addressed a different question from the curated Evaluation Cor-
pus. Rather than estimating complete classification performance, it evaluated the precision
of model-positive predictions in a year-long cohort without code-based enrichment. The
prompted LLaMA model’s precision increased from 0.47 to 0.79 after self-correction, indi-
cating that the second-pass review substantially reduced false-positive screening results. The
final precision of the fine-tuned Qwen3-4B model was lower with 0.59. Because model-negative
OSCAR encounters were not systematically adjudicated, recall, overall accuracy, and the un-
derlying IHCA prevalence cannot be estimated from this analysis. Accordingly, the OSCAR
findings support the model’s potential utility for prioritizing encounters for review but do not
constitute external validation or a complete population-level performance assessment.

These findings have practical implications for IHCA surveillance. Manual abstraction re-
mains necessary for high-validity registry construction but requires substantial clinical ef-
fort.2 A two-stage workflow could use the model to screen routine documentation and present
likely IHCA encounters, together with supporting text, for clinician adjudication. Such an
approach could reduce the number of records requiring full review while preserving human
oversight. However, the present study did not directly measure abstraction time, number
needed to review, reviewer agreement with model-provided evidence, computational cost, or
workflow integration. These operational outcomes should be evaluated prospectively before
claims of reduced workload or improved registry participation can be confirmed. If validated
across institutions, such systems could lower barriers to participation in IHCA surveillance
and quality-improvement initiatives.5

The study also highlights limitations in the clinical knowledge available to general-purpose
LLMs. Publicly available models are trained predominantly on nonclinical text, and their per-
formance may be constrained by limited exposure to clinical documentation and institution-
specific language.25,26 Guideline-enriched prompting partially addresses this limitation by sup-
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plying relevant knowledge at inference time, while supervised fine-tuning incorporates task-
specific knowledge into model parameters. Further adaptation using clinical documents and
reinforcement learning with human-feedback may improve robustness across note types and
documentation styles.27,28

Several limitations warrant emphasis. First, all data were obtained from a single health
system. Documentation conventions, Code Blue workflows, note templates, and terminology
may differ across institutions and EHR platforms. Evaluation at independent health systems
is therefore necessary before generalizability can be established.

Second, the Evaluation Corpus was intentionally enriched with encounters containing
cardiac-arrest-related codes and included relatively few positive encounters in the test set.
Although this corpus allowed us to estimate recall because all encounters were adjudicated,
its sampling design and limited number of positive cases introduce uncertainty; therefore, the
observed recall of 1.00 should be interpreted cautiously and may not generalize to the OSCAR
population. Adjudicating a sufficiently large sample of model-negative encounters in OSCAR
would be an important direction for future work.

Third, only model-positive encounters were adjudicated in the 2023 OSCAR analysis,
limiting that evaluation to precision.

Fourth, the training targets used a standardized explanation rather than physician-
authored reasoning tailored to each example. Consequently, the generated rationales and
supporting quotations were not evaluated for completeness, faithfulness, or clinical usefulness
and should not be interpreted as validated explanations. Richer supervision or human-feedback
methods may improve evidence selection, but these approaches would require separate evalu-
ation.

Fifth, the relatively poor performance of the fine-tuned Qwen3-4B with self-correction
on the OSCAR corpus (line 4) was initially surprising. Our analysis revealed that the fine-
tuned Qwen3-4B was largely unable to auto-correct its answers: it almost always confirmed its
original decision, and in the rare cases where it did revise its output, the change was limited
to the location of the cardiac arrest rather than the underlying classification. This resulted
in a large number of false positives that persisted despite the self-correction step—errors that
Llama-405B, by contrast, was able to correctly resolve during its own self-correction. We
hypothesize that this reflects a loss of calibration following task-specific fine-tuning: as the
model became increasingly specialized in detecting IHCA within the training distribution, it
also grew overconfident in its predictions, which is consistent with catastrophic forgetting of
the general self-critique behavior present in the base instruction-tuned model as supported
by our series of experiments in.28 To address this, we tested an alternative pipeline in which
Llama-405B performs the correction step on the fine-tuned model’s outputs, rather than the
fine-tuned model correcting itself. This pipeline improved overall performance on the OSCAR
corpus, achieving the best precision of 0.94. On the Evaluation Corpus, it likewise improved
precision to 0.94 without substantially reducing recall (0.89), maintaining comparable overall
performance to the fine-tuned Qwen3-4B with self-correction, with an F1 score of 0.92.

Finally, the present results reflect retrospective model development. Prospective imple-
mentation would require secure data handling, access controls, audit trails, monitoring for
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performance drift, and clearly defined clinician responsibility. The model should be used to
support, rather than replace, physician adjudication.

5. Conclusion

Explicit integration of physician-defined clinical knowledge through guideline-enriched
prompting, supervised fine-tuning, and targeted correction enabled accurate identification
of IHCA events and their locations from EHR notes. A fully fine-tuned 4-billion-parameter
model achieved the strongest performance to a substantially larger prompted model.

These findings support the use of locally deployable LLMs as screening tools for retrospec-
tive IHCA cohort construction. In a clinician-supervised workflow, the model could prioritize
likely IHCA encounters for adjudication and reduce reliance on diagnosis and procedure codes
alone. Validation across independent health systems, complete assessment in lower-prevalence
cohorts, evaluation of model-provided evidence, and prospective measurement of abstraction
efficiency are required before operational deployment or broad registry use.
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Clinical machine learning has limited access to rare diseases, atypical treatment responses,
and uncommon care pathways, many of which are documented in clinical case reports but
remain difficult to model from free text. We introduce Monopath Directed Acyclic Graphs
(DAGs), a structured representation that converts case reports into ordered patient states
linked by explicit clinical transitions. We construct Monopath DAGs from 485 lung cancer
case reports and evaluate their fidelity to the source narratives. Graph-based reconstruction
achieves a ClinicalBERT BERTScore of F1 = 0.795± 0.041; human review finds 94% node
semantic validity, 87% node temporal validity, 94% edge temporal validity, and 98% edge
semantic validity. We next evaluate the representation in embedding and generation tasks.
Node-text embeddings derived from Monopath DAGs achieve higher Calinski–Harabasz
scores than embeddings of the original reports (136 vs. 78; difference 95% CI 34–79), al-
though this analysis does not encode graph order or edges. In a blinded physician evaluation,
graph-conditioned synthetic cases were rated approximately 0.45 points higher on a 5-point
scale than controls generated from the same source report without the graph for timeline
validity, clinical actionability, and perceived safe actionability (p = 0.005, p = 0.005, and
p = 0.001, respectively). Clinical validity did not differ significantly between conditions.
These results show that structuring case reports as explicit patient states and transitions
preserves source-trajectory information and produces synthetic narratives that physicians
judge more temporally coherent and actionable than those generated from a flat textual
representation.

Keywords: clinical trajectories; directed acyclic graphs; synthetic clinical data; case reports;
clinical language models; patient trajectory modeling
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1. Introduction

Healthcare remains a challenging domain for AI model development. Although clinical AI
models have increasingly achieved strong performance on retrospective benchmarks, these
gains have failed to consistently translate to prospective clinical evaluation and routine de-
ployment.1–3 Limited and inconsistent clinical data contribute to this translation gap, par-
ticularly for rare diseases and uncommon clinical presentations. As a result, synthetic data
generation has become a promising technique for ML practitioners to expand coverage of these
underrepresented cases.

Although synthetic data can expand the coverage of rare clinical cases, additional samples
do not guarantee the preservation of informative qualities. A generated case may remain
coherent and clinically plausible while omitting findings that alter diagnostic reasoning or
subsequent actions. Clinical summarization studies have demonstrated this failure: compressed
representations can preserve a high-level account of a patient’s medical history while excluding
information that clinicians need for downstream decisions.4,5 Synthetic generation therefore
depends on preserving information that constrains subsequent clinical decisions, not only
representing information sufficient to maintain clinical validity.

Longitudinal EHRs introduce additional loss of representational fidelity across the clinical
data pipeline. Clinical encounters encompass temporally-distributed observations, interven-
tions, treatment responses, and outcomes, which clinicians selectively document, and down-
stream systems subsequently normalize, aggregate, or summarize for analysis. Each trans-
formation can alter the temporal and contextual relationships between events, including
treatment-response sequences, unresolved findings, and dependencies between prior obser-
vations and subsequent actions. Recent longitudinal EHR studies demonstrate that event-
ordering itself carries information associated with later clinical outcomes.6 Consequently, a
representation may retain sufficient information to characterize the current clinical state while
failing to preserve the relationships that constrain subsequent clinical decisions.

Current evaluations of synthetic clinical data primarily assess distributional fidelity, task-
specific utility, privacy risk, and broad measures of clinical plausibility.7 These criteria de-
termine whether generated data reproduce statistical properties of observed cohorts, retain
performance on predefined prediction tasks, or satisfy general clinical-validity constraints.
They do not directly assess whether a synthetic case preserves the sequence of findings, in-
terventions, and responses needed to discriminate between subsequent clinical actions. As a
result, two cases may achieve comparable validity or utility scores while materially differing
in temporal coherence, actionability, and the safety of the decisions they support. Clinical
representations can therefore be measured by clinicians’ perceived ability to act on them.

Narrative case reports provide a useful setting in which to study this gap. Clinicians
use case reports to document unusual presentations, diagnostic workups, interventions, treat-
ment responses, and longitudinal disease progression. These reports often retain the sequence
of findings, decisions, and responses that condensed EHR representations omit, while dis-
proportionately representing rare or diagnostically challenging cases. However, case reports
encode these relationships in free text. Temporal dependencies, decision points, and transi-
tions between clinically-meaningful states often remain implicit within the narrative, limiting
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systematic extraction and large-scale modeling.
Although case reports may describe competing diagnoses, concurrent findings, and alterna-

tive management considerations, they ultimately document a single observed clinical course.
Therefore, we can represent each case as a directed path through clinically-meaningful patient
states and transitions. We retain this path within a directed acyclic graph (DAG) structure
so that individual states and transitions remain explicitly addressable and the representation
can support graph operations such as sub-trajectory selection. This study uses the complete
observed trajectory rather than selected subgraphs, and tests whether conditioning generation
on it changes how clinicians judge the resulting cases.

We present Monopath DAGs as structured intermediates for synthetic case generation.
The framework extracts clinically-relevant states and transitions from case-report narratives,
organizes them into temporally-ordered trajectories, and conditions generation on the resulting
graph structure. This design allows us to compare synthetic cases generated with and without
explicit trajectory structure while holding the underlying source material constant.

We evaluated this framework on 485 curated lung cancer case reports and 200 rare-disease
cases across four disease groups. For each report, we generated two synthetic case summaries:
one conditioned on the report’s graph and one generated from the report without the graph
(the control). Physicians rated each summary on clinical validity, timeline validity, clinical
actionability, clinically safe action, and language appropriateness. This evaluation directly
tests whether cases with similar clinical validity can still differ in the information they preserve
for subsequent clinical decision-making.

This work makes four key contributions:

• A decision-relevant evaluation framework for synthetic clinical data that distin-
guishes clinical validity from timeline validity and clinical actionability and clinically
safe action.

• Evidence that clinical validity ratings can understate differences in clinical
actionability: graph conditioning raised clinical actionability by about 0.45 points on
a 5-point scale, whereas the difference in clinical validity (+0.21, 95% CI −0.05 to 0.48)
was smaller and not significant in the primary model.

• A structured trajectory representation that extracts ordered, ontology-grounded
Monopath DAGs from free-text case reports, representing each case as a sequence of
patient states and transitions.

• A synthetic data generation pipeline and evaluation dataset spanning 485 lung
cancer case reports and 200 rare disease cases across four disease groups.

2. Related Work

Clinical Narrative Information Extraction. Information extraction from clinical text
has progressed from identifying entities to recovering the relations among them. Rule- and
vocabulary-based systems such as cTAKES and MetaMap normalize entities to controlled
terminologies. Statistical and transformer-based methods extend this to temporal events
and their ordering, including semi-supervised CRFs for temporal event detection in EMRs,8

ClinicalBERT9 and BioGPT,10 and GraphTrex on i2b2 TempEval.11 Other methods extract
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cause–effect relations through dependency patterns.12 Other work targets case reports di-
rectly, through LLM-based extraction,13 graph-based representations of cardiovascular case
reports in CREATe,14 and the 167,000 case summaries of PMC-Patients for retrieval.15 These
approaches recover entities, relations, temporal events, or condensed summaries, but do not
represent a case as the sequence of patient states it describes and the transitions between
them. In contrast, we represent each report as an ordered sequence of patient states, with the
transition between each pair of consecutive states stated explicitly.

Patient Trajectory Modeling. Trajectory models represent a patient’s course as a se-
quence of structured events. Sequence models such as RETAIN,16 BEHRT,17 and Med-BERT18

treat diagnosis codes or visits as tokens in an ordered sequence, and graph-based methods such
as GraphCare19 add knowledge-graph structure over codes and visits for prediction. In these
models a trajectory is a sequence of coded events drawn from structured records. They need
coded inputs that case reports lack, and they omit the states and decisions a narrative de-
scribes. Few studies recover such trajectories from case reports.

Synthetic Patient Data Generation. Researchers generate synthetic patient data to
offset data scarcity and privacy limits. Rule-based simulators such as Synthea20 encode disease
progression by hand, while learned generators synthesize longitudinal records with GANs and
encoder–decoder models (EHR-M-GAN,21 EHR-Safe22), hierarchical Transformers over code
sequences (HALO23), or language models for discharge summaries.24 These generators are
typically evaluated on distributional fidelity, downstream utility, and privacy,7 criteria that
do not test whether a generated case preserves the information needed for the next clinical
decision. Generators learned from cohorts also see few examples of the rare and atypical
trajectories that case reports document.

Here, we recover state-level trajectories from case narratives, condition generation on them,
and ask physicians whether the generated cases support the next clinical decision.

3. Methods

3.1. Modular Framework for Patient Trajectory Graph Extraction

We present a modular framework for converting free-text clinical case reports into structured
patient trajectories represented as Monopath Directed Acyclic Graphs (Monopath DAGs).

3.2. Task Definition

We represent each clinical case report di ∈ D as a directed acyclic graph Gi = (Vi, Ei). Each
node corresponds to a patient state, defined as a snapshot of the patient as perceived by the
clinician at a given point in the trajectory. States reflect the clinical information available
at that point rather than an assumed complete representation of the patient’s underlying
condition. Nodes are annotated with free-text descriptions, structured clinical attributes, and,
when available, explicit timestamps. Directed edges represent transitions between states and
are labeled by transition type and the clinical entities associated with each transition. See
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Fig. 1: DAG generation pipeline for patient trajectory modeling.

Supplement S1 for the complete formal definition of patient states and graph structure.a

3.3. Patient Trajectory Generation

Trajectory construction follows three structural constraints: (i) the graph is acyclic, reflecting
the forward progression of clinical time; (ii) each node has at most one incoming and one
outgoing edge, and the graph is connected; and (iii) nodes are temporally ordered using explicit
timestamps when available and inferred narrative order otherwise. These constraints define
the Monopath representation and reduce ambiguity during trajectory construction. Topology
validation flags graphs that violate these constraints (Section 5).
Preprocessing & Timeline Extraction. Each case report is retrieved from PubMed
Central as UTF-8 HTML, with non-narrative boilerplate removed. We segment the re-
maining narrative into 10-sentence blocks and pass them to the timeline generator Ti =

PatientTimeline(p1, . . . , pk). In pilot runs, we judged qualitatively that Gemini 2.0 Flash
extracted timelines more consistently than Llama 3.1 8B and 70B at acceptable cost. All
language-model steps use Gemini 2.0 Flash at T = 0.2 with an approximately 128k-token
context window.
Node Construction. We divide each patient timeline Ti into four-sentence blocks cj and
process them sequentially to construct patient states. For each block, we generate a node

vj = {node id, step index, sj , aj , tj} ,

where sj is the free-text state description, aj contains structured clinical attributes, and tj is
an optional timestamp. To preserve local temporal context, each node vj is generated using a
compressed representation of the three preceding states.

aSupplementary material, prompts, code, and data:
https://github.com/DaneshjouLab/MonopathDAGs/tree/main/supplement
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We recursively decompose each state description sj into atomic clinical facts, defined as
statements containing a single clinical assertion about the patient state. We then map these
facts to structured ontology terms. Facts that cannot be mapped are retained as free text to
preserve information. We merge nodes with matching identifiers (appending new content and
combining clinical data), apply a final model pass to remove duplicate states, and reindex the
sequence (Supplement S3). We do not model negation or uncertainty explicitly; temporality
is carried by node order, with timestamps only when stated.
Edge Construction.Given the final node sequence {v1, . . . , vn}, we construct an edge between
each adjacent pair (vi, vi+1) by identifying the clinical change between states. Each edge is
represented as

ei→i+1 = {edge id, τij , ϕij} ,

where τij is a free-text transition description and ϕij is a structured event containing the trigger
type, clinical domain, and associated ontology terms. We use three few-shot demonstrations
(Supplement S5) to keep transition labels consistent.
Graph Serialization & Metadata Tracking. Each patient trajectory is serialized as a
JSON directed graph following a consistent schema with ontology-grounded labels and struc-
tured metadata (Supplement S3). We enforce schema compliance during construction while
deferring full structural validation for downstream evaluation.

3.4. Lung Cancer Case Report Dataset

We curated a dataset of full-text lung cancer case reports from PubMed Central (PMC).
Using the Entrez API, we searched for open-access case reports published from 2019 onward
using lung cancer-related terms, including lung cancer, lung carcinoma, non–small cell lung
cancer (NSCLC), small cell lung cancer (SCLC), mesothelioma, pulmonary carcinoma, and
bronchogenic carcinoma, matched against title and abstract fields. This search yielded 550
open-access case reports.

4. Evaluation and Utility

4.1. Graph Construction and Fidelity

We assess graph fidelity with human review, BERTScore, and structural checks.
Human Graph Review. For each edge and node of a random sampling of 30 graphs, two
graduate students compare each generated graph with the source case report.Reviewers assess
whether each node and edge preserves the patient states represented in the source case, the
clinically relevant information contained within those states, and the temporal ordering of the
trajectory (Supplement S4). The graduate students made 568 annotations of 445 elements
(243 nodes, 202 edges) from 30 graphs; on the 123 elements annotated twice, agreement on
G1 (correct order) and G2 (accurate content) was 94% and 92%. Cohen’s κ is 0.73 for G1; for
G2, nearly all ratings were positive, which makes κ uninformative.
LLM-Based Narrative Reconstruction and BERTScore Evaluation. We reconstruct
the input case narrative from the generated graph using Gemini 2.0 Flash. The model receives
a graph’s nodes and edges and is prompted to generate a coherent textual summary that
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aims to mirror the structure and content of the original case. The reconstructed narrative R̂

is compared to the original case report R using BERTScore,25 which measures semantic sim-
ilarity via contextualized embeddings from ClinicalBERT. Reconstruction-based BERTScore
captures presumed semantic coverage between the graph and the source narrative through the
distance, it does not explicitly detect hallucinated content or subtle clinical inaccuracies, moti-
vating complementary human evaluation. We calculate BERTScore with Bio ClinicalBERT9

(layer 12, without idf or rescaling), calculated on the full texts: each text is embedded in
consecutive 510-token windows, as in Section 4.2, and all tokens enter the greedy matching.
Scores may partly reflect self-consistency, since one model constructs and reconstructs the
graphs, or the model’s prior exposure to published reports.
Topology Validation. We sanity checked the structural integrity of the patient graphs
through topological audits. We checked acyclicity by applying depth-first search, count con-
nected components, and flag malformed graphs.

4.2. Clustering of Patient Trajectories

We embedded graphs and case reports with ClinicalBERT. A graph was represented by the
mean of its node-text embeddings (node order and edges not encoded); a report, by the mean
embedding of consecutive 510-token windows, so that no text was truncated (case presenta-
tions average 1,137 ClinicalBERT tokens, median 967, and 73% exceed 512). To test whether
edges add information, we also embedded each edge description with the same model and
represented each graph by the mean over all node and edge embeddings. We analyzed em-
beddings in 768 dimensions and after PCA or UMAP reduction to 10, and assessed cluster
structure with K-means (k ∈ [2, 10], selected by silhouette26) and the Calinski–Harabasz (CH)
index.27 For the 484 patients with metastasis status, annotated manually for each report, we
computed CH with patients partitioned by status, and the cross-validated AUC of logistic
regression predicting status from each embedding. 95% CIs are from patient-level bootstrap
resamples; settings are in Supplement S9.

4.3. Synthetic Trajectories and Clinical Expert Review

Synthetic Generation. We prompted a language model to generate 77 narrative vignette
pairs from conditioning on the source or from the graph. The control extracts a list of clinical
events from the full report in one pass and writes a narrative from it; the graph-conditioned
narrative is generated from the ordered nodes and edges of Gi. Both use nearly identical
prompting, and the same case per narrative pair(Supplement S5).

Clinician-centered evaluation criteria

Q1. (Clinical validity): Baseline check that case actions are medically sound.
Q2. (Timeline validity): Assesses whether the case progression follows a clinically appro-
priate order, capturing temporal reasoning.
Q3. (Clinical actionability): Measures whether the physician judges the case specific and
granular enough to guide the next clinical decision.
Q4. (Clinically safe action): Measures whether the physician judges the information suffi-

Pacific Symposium on Biocomputing 2027

395



Fig. 2: Monopath DAG trajectory representations and evaluation. (a) Schematic
of a Monopath DAG representing a patient case. (b) Distribution of node and edge counts
across constructed graphs. (c) BERTScore F1 similarity between reconstructed narratives and
original texts. (d) Human evaluation comparing graph fidelity and ordering accuracy.

cient to make a safe decision with confidence, reflecting the physician’s decision certainty.
Q5. (Appropriate language): Evaluates whether the narrative uses medical language ap-
propriately, avoiding generic or ambiguous phrasing.

Clinical Expert Review. Resident physicians (PGY-1 to PGY-3), blinded to narrative
generation conditions, rated each narrative on 5-point Likert scales. They receive cases in
the same order, to ensure overlap coverage but generation conditioning order is randomized.
Three of four physicians contributed 227 ratings (105 graph-conditioned, 122 control) across 76
cases: in 98 physician–case combinations they rated both versions (97 with complete answers),
and in 31 they rated one version only (24 control, 7 graph-conditioned). The fourth rated
one narrative and is excluded. We fit a linear mixed-effects model to each question, with
crossed random intercepts for physician and case to absorb harsh raters and hard cases, and
applied Holm28 correction across the five questions. The graph-conditioned arm passes through
more processing steps than the control, so the two arms do not receive equal input. The
five questions (Q1–Q5), reviewed by medical experts, cover clinical validity, timeline validity,
clinical actionability and clinically safe action, and language. Q1 assesses medical correctness
in isolation, whereas Q4 evaluates whether the information provided supports confident and
safe decision-making under clinical uncertainty (Supplement S4).
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5. Results and Discussion

From the initial set of 550 case reports, we remove non-English entries and case series, resulting
in a curated dataset of 485 individual narratives. Semantic fidelity of the graph-derived recon-
structions is evaluated using BERTScore, yielding a mean F1 of 0.795 (95% CI 0.791–0.798),
median 0.802, interquartile range [0.770, 0.824], range 0.643–0.879, and standard deviation
0.041. Reconstructions remain semantically close to their sources, although BERTScore does
not detect omissions or clinical errors. Precision and recall components of BERTScore are
0.807 and 0.786, respectively (Supplement S2). On average, graphs contained 8± 3 nodes and
7 ± 3 edges. Node temporal validity is 87% and node semantic validity 94%; edge temporal
validity is 94% and edge semantic validity 98%, indicating that most reviewed elements (30
graphs) were correctly ordered and accurate to the source (Figure 2d). Most reviewed nodes
and edges were therefore accurate to the source and correctly ordered; node ordering was the
least accurate of the four measures.

Graph embeddings yielded higher Calinski–Harabasz indices than case-report embeddings
in every space: 136 (95% CI 119–156) vs. 78 (69–90) in the original space, 224 (198–258) vs. 147
(127–171) after PCA, and 738 (649–841) vs. 358 (318–408) after UMAP, with the difference
excluding zero in each case. Both representations separated metastatic from non-metastatic
patients to a similar degree (CH 10.6 vs. 7.0; difference 3.6, 95% CI −1.6 to 10.7), and the
AUC for predicting metastasis status was slightly lower for graphs, not significantly different
(0.73 vs. 0.77; difference −0.04, 95% CI −0.09 to 0.01). Graphs reduce each report (mean 1,137
tokens) to about eight states. When we embedded each edge description with the same model
and added the edges to the nodes, AUC for metastasis status rose by 0.01–0.03 in every cross-
validation split and setting we tried, but the patient-level 95% CI for the difference included
zero (−0.01 to 0.06). With edges, AUC approached that of the full text (0.755 vs. 0.769), and
edges alone scored slightly below nodes. Adding edges lowered cluster compactness (CH 101
vs. 136) (Supplement S9). Graph embeddings therefore form more compact clusters than the
report text, while metastasis status is predicted with similar accuracy from both, although
each graph contains about eight states. Adding edges raised the AUC slightly but lowered
compactness.

In a blinded evaluation, we analyzed the three of the four participating resident physi-
cians (PGY-1 to PGY-3) who rated both versions of cases, comparing control-generated and
graph-conditioned synthetic cases across the five clinical criteria (Figure 3, Table 1). PGY-
level physicians were selected because they routinely perform frontline clinical reasoning and
decision-making, making them well positioned to assess timeline coherence, actionability, and
safety in narrative cases. We did not detect a difference in clinical validity (Q1; mixed-model
estimate +0.21, 95% CI −0.05 to 0.48, p = 0.12), whereas graph-conditioned cases were rated
higher on timeline validity (Q2, +0.46, 0.18 to 0.73, p = 0.005), clinical actionability (Q3, +0.45,
0.17 to 0.72, p = 0.005), and clinically safe action (Q4, +0.45, 0.21 to 0.68, p = 0.001; means
2.74 vs. 2.31, both below the scale midpoint, with 19% vs. 13% of ratings 4–5). Excluding
physician A or B removes the significance of timeline validity and both actionability measures
after Holm correction; excluding physician C does not, and without C, clinical validity also
differs (+0.36, p = 0.008; Supplement S8). Agreement between physicians on individual ratings
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was low (Spearman ρ −0.10 to 0.37). Language appropriateness (Q5) did not differ significantly
after correction (p = 0.058). Graph conditioning therefore raised ratings of timeline validity,
clinical actionability, and clinically safe action by about 0.45 points on a 5-point scale, while
the difference in clinical validity was smaller and not significant. Ratings of clinically safe
action stayed below the scale midpoint in both conditions, the effects depended on physicians
A and B, and agreement between physicians was low. Although the binary evaluation schema
(G1: order, G2: accuracy) provides only a coarse-grained view of graph fidelity, it is designed
to complement automated semantic metrics such as BERTScore with a minimal human check
that could be performed within the constraints of clinician time. This design emphasized inter-
reviewer agreement and feasibility, but it does not capture node informativeness or the clinical
validity of edges on its own. We consider this a key limitation of the current evaluation and
plan to extend our framework with more fine-grained protocols, including explicit node-level
assessments and validation of transition plausibility. As noted in Section 4.3, clinician eval-
uation compared synthetic narratives with control narratives on textual criteria; physicians
rated narratives only; they did not view the graphs or compare formats. In this study, graphs
are used as structured intermediates to support generation, rather than as interfaces intended
for direct clinical decision-making.

Fig. 3: Physician ratings of graph-conditioned and control narratives.

6. Exploratory Application to Rare Diseases

While our primary experiments focus on lung cancer—chosen for its prevalence in case report
literature, detailed longitudinal trajectories, and heterogeneous treatment paths—the pipeline
is agnostic to disease.
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Table 1: Linear mixed-effects estimates (graph-conditioned − control) with crossed random
intercepts for physician and case, across five Likert-scale questions. Four physicians took part;
the 227 ratings analyzed, across 76 cases, came from the three physicians who contributed
paired ratings. CIs are unadjusted; p values are Holm-adjusted across questions (*p < 0.05).

Question Estimate 95% CI p

Clinical validity +0.21 [−0.05, 0.48] 0.117
Timeline validity +0.46 [0.18, 0.73] 0.005*
Clinical actionability +0.45 [0.17, 0.72] 0.005*
Clinically safe action +0.45 [0.21, 0.68] 0.001*
Appropriate clinical language +0.28 [0.03, 0.53] 0.058

6.1. Rare Diseases.

We conducted additional experiments on four rare diseases across body systems (Gaucher,
Wilson’s, Charcot–Marie–Tooth, and Retinitis Pigmentosa), using 50 case reports per disease
(200 total, see Supplement S2). These conditions were selected because they span distinct
organ systems, disease progression patterns, and diagnostic pathways. We report this as an
exploratory analysis of clustering only (Supplement S2), without human or downstream eval-
uation; it does not establish generalization or clinical utility.

7. Conclusion and Future Work

Monopath DAGs provide a structured intermediate for converting case reports into synthetic
clinical narratives. The graphs are faithful to the source on most reviewed elements, yield more
compact embeddings than the original text, and support synthetic narratives that physicians
align more with timeline validity and clinical actionability and perceived clinically safe action.
Clinical validity did not differ significantly. These findings suggest that evaluating synthetic
cases on clinical plausibility alone can miss differences in meaningful components that lead to
clinical decision making.

Limitations. Our evaluation is limited to recent, English-language lung cancer case re-
ports and may not generalize across specialties, languages, or narrative conventions. Monopath
DAGs enforce a single dominant clinical thread, collapsing concurrent events, branching tra-
jectories, and cyclic complications. The extraction pipeline also depends on general-purpose
LLMs and retains errors in negation, temporal ordering, and dosage extraction that are not
fully captured by BERTScore or our limited human evaluation. Synthetic trajectories were
evaluated through small-scale expert review, without model-leakage audits or downstream
task benchmarking. We also do not explore privacy leakage from the case reports themselves.
The single-path representation trades expressivity for a simple temporal structure that can
be checked against the source. We did not quantify the information lost to the single-path
assumption. The generation comparison does not separate segmentation, ordering, and compo-
sition, and the two arms differ in processing steps and prompt length. Case reports are curated,
single-author narratives of unusual courses, whereas EHR trajectories are fragmented across
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many notes and authors; we have had some success testing this on synthea data, but not at
a larger scale and note that case reports are quite different from EHR knowledge.

Future Work. We plan to extend Monopath DAGs to Multipath DAGs with controlled
branching to represent clinical uncertainty, reversible events, and alternative pathways. We
will also investigate biomedical language models and graph-imputation methods to improve ex-
traction of under-specified clinical states. These extensions could support trajectory-informed
outcome prediction, counterfactual synthetic generation, cross-disease benchmarking, and
trajectory-aware case matching for clinical decision support.
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Large language models can answer medical questions from parametric memory, but this
behavior gives limited control over whether the model seeks evidence or uses retrieved
information appropriately. We present MedSR, a medical search-and-reasoning framework
that fine-tunes language models to produce auditable reason–search–answer trajectories
with constrained final answers. MedSR uses group relative policy optimization with LoRA
adaptation, an external search tool, and rule-based answer rewards, without a separately
trained reward model. We evaluate three compact models on MedQA-USMLE, HeadQA,
and PubMedQA, comparing direct prompting, chain-of-thought prompting, self-consistency,
few-shot prompting, untrained search prompting, and GRPO-trained search behavior. Four
retrieval corpora are studied: PubMed, medical textbooks, StatPearls, and Wikipedia. The
results were task dependent: trained search gave the clearest gains for Qwen2.5-3B and
Llama-3.2-3B on MedQA and HeadQA, while the PubMed corpus was most closely aligned
with PubMedQA. In this benchmark setting, updating the model to generate and use search
queries was more effective than simply appending retrieved passages to the prompt, and
performance depended on the retrieval corpus, reward design, retrieval depth, and adapter
capacity.

Keywords: Medical Question Answering; Retrieval-Augmented Generation; Reinforcement
Learning; Group Relative Policy Optimization; Large Language Models.

1. Introduction
Since GPT-31 and its successors demonstrated that scaling Transformer-based models2,3 could
produce surprisingly capable text generators, the NLP community has pushed these models
into increasingly specialized domains. Medicine stands out among them, not because question
answering is new, but because the cost of a wrong answer is unusually high. General-purpose
and domain-adapted models now perform well on clinical knowledge benchmarks and medi-
cal examination questions.4–9 Recent medical foundation-model studies have also emphasized
efficient adaptation, quantization, dataset composition, retrieval-based conditioning, and re-
liability in medical reasoning.10–14 Yet answers still often come from the model’s parametric

© 2026 The Authors. Open Access chapter published by World Scientific Publishing Company and
distributed under the terms of the Creative Commons Attribution Non-Commercial (CC BY-NC)
4.0 License.
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memory alone, a limitation in a field where evidence shifts with new studies, guidelines, and
drug approvals.

Retrieval-augmented models such as REALM,15 DPR,16 and RAG17 were developed to re-
duce this dependence on memorized knowledge by pairing generation with external documents.
Later systems showed that retrieval can support both open-domain question answering and
few-shot language modeling when the retrieved passages are well matched to the input.18–20

In medical QA, the documents may come from PubMed abstracts, textbooks, clinical sum-
maries, or broad reference sources. Corpus choice and retrieval depth matter more than early
RAG applications often assumed, and recent biomedical in-context learning work has also
shown that retrieval strategy affects downstream performance.13,21,22 The retrieval behavior,
however, is usually fixed before the model sees a question. A developer chooses the query tem-
plate, corpus, top-k, and truncation length. That recipe may be adequate for some questions
and wasteful for others. It can also retrieve text that matches the surface wording of a long
question while missing the fact needed to answer it.

We turned to reinforcement learning for a practical reason: medical QA already has a
usable reward signal. Benchmarks such as MedQA provide a ground-truth answer, so a full
trajectory–reasoning, search, evidence reading, and final answer–can be scored without train-
ing a separate reward model. Policy-gradient methods such as PPO established a practical
route for optimizing generated behavior beyond next-token likelihood,23 and GRPO removes
the need for a learned critic in settings with group-level rewards.24 Recent work has also shown
that models can interleave reasoning with browsing, tool use, and search.25–29 At the same
time, medical LLM reviews and self-correction studies suggest that explicit reasoning traces do
not by themselves guarantee correct medical answers.14,30,31 Current medical RAG pipelines
rarely make that connection. Retrieval is still usually a preprocessing step, and the learning
objective seldom treats the query, evidence, and final medical answer as one trajectory.

MedSR studies this formulation in medical QA. It fine-tunes compact instruction-tuned
language models to learn what to search and how to use retrieved evidence before committing
to a constrained answer. MedSR uses GRPO with LoRA adaptation, a medical search tool,
and rule-based answer rewards to optimize the reason–search–answer trajectory. We evaluate
MedSR on MedQA-USMLE,32 HeadQA,33 and PubMedQA,34 across three base models and
four retrieval corpora. These benchmarks support controlled comparison, but they are nar-
rower than real clinical language tasks; recent holistic evaluations such as MedHELM empha-
size that medical LLM assessment should span more diverse task types and output formats.35

We compare trained retrieval with direct prompting, chain-of-thought, self-consistency, few-
shot prompting, and untrained search prompting.

2. Materials and Methods
2.1. Framework overview
Fig. 1 shows how a question passes through MedSR. The policy is the language model whose
search-and-answer behavior we optimize. Its pretrained weights remain frozen while LoRA
adapters are updated. Each experiment connects the model to one of the four retrieval corpora
shown in the search-tool block. During a rollout, the model generates a query, receives top-k
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Fig. 1. MedSR architecture for learning medical search and reasoning with GRPO.
Questions from three datasets (1) enter a LoRA-adapted model (2), which samples multiple trajec-
tories per question (3) using top-k evidence from one corpus per experiment (4). Answer correctness
and trajectory-format checks determine rewards (5); completed search is part of the format check.
GRPO updates the adapters under KL regularization while base weights remain frozen (6). Evalua-
tion reports answer metrics and retains rollout traces (7).

snippets from that corpus, and continues reasoning before producing an answer in the required
format.

Inspired by Search-R1,26 MedSR treats search as an action inside the RL trajectory and
redesigns the setting for medical QA. We replace general web search with medical evidence
corpora, constrain the final answer to the benchmark label space, and score the completed
trajectory with medical QA rewards. MedQA-USMLE and HeadQA require a single option
letter, while PubMedQA requires yes, no, or maybe. We also store the generated query, re-
trieved snippets, reasoning text, and final answer for error analysis. The reward is assigned
only after the answer is generated, so the model must learn which query and evidence-use
pattern lead to a correct medical answer.

During training, the same model samples multiple trajectories for each question. Com-
pleted trajectories receive rewards based on answer correctness and format validity. GRPO
compares rewards within the group and updates the LoRA adapters using the resulting ad-
vantages, with KL regularization against a frozen reference model. Supervision comes from
benchmark answers rather than manually annotated search traces. The evaluation block sum-
marizes answer-level metrics and saved trajectories for qualitative analysis.

Our contribution is the medical QA implementation and evaluation of this search-as-action
approach: dataset-specific answer constraints, parameter-efficient adaptation, and an analysis
of evidence sources and failure modes across three models, three datasets, and four corpora.
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2.2. Datasets
We use MedQA-USMLE,32 HeadQA,33 and PubMedQA34 labeled splits. HeadQA covers mul-
tiple healthcare disciplines, including medicine, nursing, and pharmacology. We split Pub-
MedQA labeled into 500 training examples and 500 test examples. We treat MedQA and
HeadQA as multiple-choice tasks requiring a single option letter, whereas PubMedQA re-
quires yes, no, or maybe. We convert each example into a multiturn tool-use record containing
the prompt, ground-truth answer list, original question, default search query, and search-tool
metadata; for PubMedQA, we append abstract context to the question text before prompting.

2.3. Prompt and tool-use trajectory
We define the learning unit as a structured tool-use trajectory. Following the search-as-action
design used in Search-R1,26 the policy uses <think> for reasoning, <search> for the query,
<information> for retrieved evidence, and <answer> for the final response. MedQA and
HeadQA require a single option letter; PubMedQA requires yes, no, or maybe. With this
format, search and evidence remain auditable, and the same reward function can score answer
correctness and minimal trajectory validity across datasets.

2.4. Retrieval corpora
We evaluated four MedRAG-style corpora: PubMed, medical textbooks, StatPearls, and
Wikipedia.21 They contained 23,898,701, 125,847, 365,650, and 1,179,078 snippets, respec-
tively, spanning article-level evidence, educational exposition, clinical summaries, and broad
background knowledge. Dense retrieval used E5-base-v2 embeddings36 and FAISS Flat in-
dexes.37 Queries and passages used E5 prefixes, embeddings were L2-normalized, and the
retrieval service returned ranked snippets with title/identifier, score when available, and trun-
cated text. Main GRPO experiments used top-k = 2 with a 900-character cap per document to
limit rollout context. Search-prompt baselines retained the baseline script’s top-k = 3 setting
with the same per-document cap. These comparisons therefore reflect both fine-tuning and
retrieval-depth settings; the top-k ablation measures sensitivity within the trained system.

2.5. GRPO fine-tuning
We use GRPO as a critic-free reinforcement learning objective.24 For each prompt x, the
rollout engine samples a group of G = 4 complete tool-use trajectories {yi}G

i=1, where each
trajectory includes generated reasoning tokens, search actions, retrieved observations, and the
final answer. We compute the scalar reward ri only after the full trajectory is completed.
Instead of training a value function, GRPO estimates the advantage by normalizing rewards
within the group:

Ai =
ri − mean({rj}G

j=1)
std({rj}G

j=1) + ϵ
.

The normalization compares trajectories sampled for the same question rather than absolute
reward scales across datasets.
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We update the actor with a clipped policy-gradient objective over generated tokens, with
a KL regularizer to keep the LoRA-adapted policy close to the frozen reference model:

LGRPO = − 1
G

G∑
i=1

1
|yi|

|yi|∑
t=1

min (ρi,tAi, clip(ρi,t, 1 − ϵclip, 1 + ϵclip)Ai) + βDKL (πθ ∥ πref) ,

where ρi,t = πθ(yi,t | x, yi,<t)/πθold(yi,t | x, yi,<t), β = 0.001, and πref is the frozen base model. We
apply the loss only to generated assistant tokens and treat retrieved text as an external obser-
vation. Main experiments used training splits for optimization and test splits for evaluation;
ablations varied retrieval depth, reward design, corpus/retriever condition, LoRA rank, and
training duration in the Llama-3.2-3B-Instruct PubMedQA setting.

Implementation used the verl GRPO trainer. We adapted the actor with LoRA on all linear
modules, using rank 64 and alpha 32 in the main experiments.38 We used the frozen reference
model for KL regularization. Training used bfloat16 precision, gradient checkpointing, remove-
padding optimization, FSDP parameter and optimizer offload, and vLLM rollout generation.39

The learning rate was 3×10−5; train, mini-batch, and validation batch sizes were 4; each prompt
produced 4 rollouts; and maximum prompt, response, and tool-response lengths were 2048,
512, and 1024 tokens, respectively.

2.6. Reward function
We extract the final answer from the last <answer>...</answer> span and evaluate only
that answer, not the reasoning text. Responses receive zero answer reward if the answer is
absent or outside the dataset-specific answer space. Valid answers are lowercased and stripped
of punctuation and whitespace before exact matching.

The main experiments use a shaped reward that combines exact answer accuracy with a
small trajectory-format term:

r =



1.0, if the answer is correct and the format is valid,

0.9, if the answer is correct but the format is invalid,

0.1, if the answer is incorrect but the format is valid,

0, otherwise.

The format criterion required a valid answer, at least one search span, at least one informa-
tion span, and balanced trajectory tags. Thus, “Completed search” in Fig. 1 refers to the
search/information tag check within the format term, not a separate main-experiment reward
or a judgment of evidence relevance. We keep this term small so that reward primarily reflects
answer correctness. Table 1 summarizes ablated reward variants.

3. Experimental Setup
3.1. Baselines
We run baselines with vLLM separately from the GRPO trainer.39 All baselines are inference-
only prompting methods; none are trained with GRPO. Direct answering asks the model
to return the constrained answer without retrieved evidence. Chain-of-thought prompting
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Table 1. Reward formulations for GRPO fine-tuning of medical question-answering
models. Answer + format is the main-experiment reward; the other formulations vary the con-
tributions of answer correctness, trajectory format, search use, or response length. All apply the
same dataset-specific answer-validity check before scoring.

Variant Reward definition

Answer only r = 1 if correct; 0 otherwise
Answer + format r = 0.9 if correct, plus 0.1 if format is valid
Format-heavy r = 0.8 if correct, plus 0.2 if format is valid
Search-light r = 0.85 if correct, plus 0.1 if format is valid, plus 0.05 if search is used
Length penalty r = 0.9 if correct, plus 0.1 if format is valid, minus 0.02 if over length

allows intermediate reasoning before the final answer,40 and self-consistency samples 5 chain-
of-thought completions at temperature 0.7 and uses majority vote.41 Few-shot prompting
provides one, three, five, or ten labeled examples in the prompt. Untrained search prompting
appends retrieved snippets to the prompt but does not update model weights. Direct and
few-shot baselines use a 64-token cap; chain-of-thought and search baselines use 512 tokens.
We rescore all outputs with the same answer extractor and normalization rules.

3.2. Evaluation
We use exact-match accuracy after answer extraction as the primary metric, with Wilson 95%
confidence intervals.42 Micro-F1 pools decisions across labels and equals accuracy in this single-
label evaluation; macro-F1 averages F1 equally over observed reference and predicted labels,
while weighted-F1 weights each label by its reference frequency. Empty extracted answers are
assigned an invalid label for F1 calculation. The format score checks search-trajectory structure
as defined above. Baselines are scored through an answer-only representation, so their zero
format scores do not imply invalid answer labels or failure to follow the baseline prompt.
Shaped reward combines accuracy and format; it is not a clinical-quality score. We compute
metrics from saved per-example outputs. Code for the MedSR experiments is available at
https://github.com/Learner4everrr/MedSR.git.

4. Results
4.1. Main comparison across models, datasets, and corpora
Table 2 presents the central comparison by benchmark, method, corpus, and model, reporting
accuracy, Wilson 95% confidence intervals, F1 scores, and format score. The relative ranking of
methods varied across datasets and models, so we focus on trends that were consistent across
multiple settings. Direct answering, chain-of-thought, self-consistency, and few-shot prompting
remained competitive for several model–dataset pairs, particularly when the answer format
was simple or the base model already appeared to know the relevant fact. Longer reasoning
alone did not consistently improve accuracy. Chain-of-thought and self-consistency sometimes
helped, but they also produced verbose generations that still ended with the wrong option or
PubMedQA label.
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Untrained search prompting did not consistently exceed the best prompt-only baseline,
even for PubMedQA. Review of the saved generations suggested that retrieved text sometimes
introduced a related but answer-irrelevant finding or increased format errors. MedSR fine-
tuning performed better when the model learned to issue the query, read the returned snippet,
and keep the final answer inside the required answer space.

The strongest gains appeared for Qwen2.5-3B and Llama-3.2-3B-Instruct on MedQA and
HeadQA. DeepSeek-R1-Distill-Qwen-1.5B changed less, which is consistent with the qualita-
tive rollouts: this smaller reasoning-distilled model was less stable in following the tool-use
format. Corpus choice changed the ranking as well. PubMed aligned best with PubMedQA,
while textbooks, StatPearls, and Wikipedia were more useful for some examination-style ques-
tions. Detailed model-specific values are reported in Table 2, and cross-condition trends are
shown in Fig. 2.

4.2. Qualitative success and failure cases
We reviewed saved test-set generations from trained-search experiments. Table 3 shows cases
stratified by retrieval quality and final-answer correctness. In successful cases, the generated
query often compressed a long medical question into a disease, intervention, mechanism, or
study finding that matched the retrieved evidence. The model then used the evidence to select
a constrained answer rather than copying a sentence from the retrieved passage.

The failure cases were heterogeneous. Some rollouts retrieved relevant passages but se-
lected an incorrect option, indicating that evidence access did not guarantee correct evidence
interpretation. Other rollouts retrieved broad or off-topic snippets, leaving the final answer
primarily dependent on the model’s parametric memory. A third class involved trajectory
or answer-format errors, such as placing explanatory text inside the answer tag or returning
evidence-like phrases instead of a single option letter or PubMedQA label. Looking at the
saved trajectory made these errors separable: a reviewer could see whether the failure began
with the query, the retrieved text, the interpretation of relevant evidence, or the final answer
format.

4.3. Error analysis
The saved rollouts made the error analysis more specific than aggregate accuracy. Several
failures started at the query step. The model sometimes searched with an overly broad dis-
ease name, copied too much of the question, or omitted the key intervention, population, or
outcome; the retrieved evidence then looked plausible but did not resolve the question. A dif-
ferent failure came from corpus mismatch. Literature-style snippets were not always optimal
for examination questions that required canonical teaching facts, while educational summaries
could miss PubMedQA-specific study details.

Other errors happened after apparently useful retrieval. The model could find topically
relevant text but map it to the wrong option or yes/no/maybe label, especially when the
evidence contained negation, comparative wording, or a subtle distinction between association
and causation. In a smaller set of cases, the final answer appeared to come from parametric
memory even when retrieved evidence suggested another label. We also saw plain format
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Table 2. Performance of MedSR on MedQA-USMLE, HeadQA, and PubMedQA. Search
uses retrieved context without weight updates; Ours denotes MedSR. Acc: accuracy; CI: Wilson
95% confidence interval; Micro, Macro, Wt: micro-, macro-, and weighted-F1; Fmt: search-trajectory
format score. Metrics are percentages. Bold identifies the highest values within each dataset–model
block. Text, StatP, and Wiki denote textbooks, StatPearls, and Wikipedia.

Qwen2.5-3B Llama-3.2-3B-Instruct DeepSeek-R1-Distill-Qwen-1.5B

Experiment Corpus Acc 95% CI Micro Macro Wt Fmt Acc 95% CI Micro Macro Wt Fmt Acc 95% CI Micro Macro Wt Fmt

MedQA
Direct - 32.3 29.8–34.9 32.3 30.6 38.6 0.0 51.2 48.5–54.0 51.2 40.4 50.9 0.0 23.6 21.4–26.1 23.6 16.9 25.7 0.0
CoT - 31.0 28.5–33.6 31.0 24.9 37.5 0.0 48.9 46.1–51.6 48.9 34.2 51.5 0.0 14.2 12.4–16.2 14.2 12.8 19.2 0.0
SC-CoT - 44.2 41.5–47.0 44.2 29.4 44.6 0.0 47.7 44.9–50.4 47.7 40.1 50.5 0.0 24.5 22.2–26.9 24.5 17.0 25.6 0.0
1-shot - 41.6 39.0–44.4 41.6 33.9 43.0 0.0 50.5 47.8–53.3 50.5 40.6 51.2 0.0 16.0 14.1–18.1 16.0 10.5 21.2 0.0
3-shot - 43.2 40.5–45.9 43.2 35.2 44.7 0.0 51.0 48.2–53.7 51.0 40.5 51.0 0.0 13.4 11.7–15.4 13.4 14.1 17.6 0.0
5-shot - 39.2 36.6–41.9 39.2 33.2 42.0 0.0 48.1 45.3–50.8 48.1 38.5 48.5 0.0 12.1 10.4–14.0 12.1 9.1 16.0 0.0
10-shot - 31.2 28.7–33.8 31.2 24.8 37.7 0.0 41.5 38.8–44.2 41.5 29.7 37.6 0.0 14.5 12.6–16.5 14.5 10.7 18.8 0.0
Search PubMed 29.7 27.2–32.3 29.7 28.0 35.5 0.0 47.0 44.2–49.7 47.0 31.1 46.9 0.0 11.3 9.7–13.2 11.3 8.8 15.6 0.0
Search Text 30.3 27.9–32.9 30.3 28.6 36.2 0.0 48.6 45.9–51.4 48.6 32.3 48.6 0.0 12.6 10.9–14.6 12.6 11.7 17.6 0.0
Search StatP 32.5 30.0–35.1 32.5 29.8 37.8 0.0 48.5 45.8–51.3 48.5 32.2 48.3 0.0 13.0 11.2–14.9 13.0 10.4 18.2 0.0
Search Wiki 32.8 30.3–35.5 32.8 30.2 37.9 0.0 45.0 42.3–47.8 45.0 30.6 45.9 0.0 12.5 10.8–14.4 12.5 13.6 16.9 0.0
Ours PubMed 49.9 47.1–52.6 49.9 8.2 49.6 0.1 54.2 51.5–56.9 54.2 44.3 55.7 95.1 24.7 22.5–27.2 24.7 14.0 24.9 0.0
Ours Text 49.5 46.7–52.2 49.5 38.6 49.0 98.7 56.2 53.5–58.9 56.2 56.1 56.3 100 26.5 24.1–29.0 26.5 7.4 26.6 0.0
Ours StatP 48.4 45.7–51.1 48.4 36.7 46.8 99.5 54.7 51.9–57.4 54.7 54.6 54.8 100 26.8 24.4–29.3 26.8 9.4 12.9 95.8
Ours Wiki 51.3 48.6–54.0 51.3 40.8 51.2 99.6 53.8 51.1–56.5 53.8 53.3 53.7 99.3 25.8 23.5–28.3 25.8 21.0 26.8 0.0

HeadQA
Direct - 47.4 45.6–49.3 47.4 40.7 51.3 0.0 56.9 55.0–58.7 56.9 45.1 56.6 0.0 36.4 34.6–38.2 36.4 21.4 37.4 0.0
CoT - 50.9 49.0–52.8 50.9 36.1 54.4 0.0 55.8 54.0–57.7 55.8 38.4 57.7 0.0 32.3 30.6–34.1 32.3 20.0 35.0 0.0
SC-CoT - 57.0 55.2–58.9 57.0 37.8 57.0 0.0 56.3 54.5–58.2 56.3 45.9 57.4 0.0 37.4 35.6–39.2 37.4 30.0 37.5 0.0
1-shot - 45.2 43.3–47.1 45.2 33.7 42.9 0.0 52.8 50.9–54.6 52.8 35.8 53.7 0.0 31.1 29.4–32.8 31.1 13.4 33.6 0.0
3-shot - 49.5 47.7–51.4 49.5 40.7 51.5 0.0 55.0 53.1–56.8 55.0 54.6 54.6 0.0 31.4 29.7–33.1 31.4 22.8 34.2 0.0
5-shot - 51.3 49.4–53.1 51.3 41.9 53.0 0.0 54.1 52.2–55.9 54.1 53.8 53.9 0.0 28.7 27.0–30.4 28.7 18.3 32.1 0.0
10-shot - 51.5 49.7–53.4 51.5 43.1 54.4 0.0 52.6 50.7–54.4 52.6 42.1 52.7 0.0 28.3 26.6–30.0 28.3 16.0 32.1 0.0
Search PubMed 33.0 31.3–34.8 33.0 33.1 41.5 0.0 56.8 55.0–58.7 56.8 38.0 57.0 0.0 33.7 31.9–35.5 33.7 25.4 38.1 0.0
Search Text 35.4 33.6–37.2 35.4 34.6 43.3 0.0 55.7 53.9–57.6 55.7 37.2 55.8 0.0 32.6 30.8–34.3 32.6 24.6 37.0 0.0
Search StatP 35.4 33.7–37.3 35.4 34.4 43.0 0.0 53.5 51.6–55.4 53.5 35.6 53.5 0.0 33.0 31.2–34.8 33.0 29.6 37.0 0.0
Search Wiki 35.4 33.7–37.3 35.4 34.1 42.7 0.0 53.4 51.5–55.3 53.4 35.9 53.9 0.0 30.8 29.1–32.5 30.8 19.8 34.7 0.0
Ours PubMed 63.3 61.5–65.1 63.3 50.9 63.7 100 62.4 60.5–64.2 62.4 62.3 62.4 99.8 37.2 35.4–39.0 37.2 25.2 37.8 0.0
Ours Text 63.4 61.6–65.2 63.4 41.9 63.0 99.7 62.5 60.6–64.3 62.5 31.2 62.5 99.6 35.9 34.1–37.7 35.9 13.3 36.8 0.0
Ours StatP 65.4 63.6–67.2 65.4 64.9 65.1 100 62.9 61.1–64.7 62.9 62.8 62.9 99.9 36.6 34.8–38.4 36.6 8.7 37.2 0.0
Ours Wiki 65.5 63.7–67.2 65.5 52.0 65.2 100 61.8 59.9–63.6 61.8 41.5 62.3 98.1 37.7 36.0–39.6 37.7 17.1 38.5 0.0

PubMedQA
Direct - 60.4 56.0–64.6 60.4 31.1 57.8 0.0 69.6 65.4–73.5 69.6 36.8 67.2 0.0 60.0 55.6–64.2 60.0 35.8 61.6 0.0
CoT - 59.4 55.0–63.6 59.4 32.0 59.0 0.0 70.4 66.3–74.2 70.4 36.9 67.2 0.0 31.2 27.3–35.4 31.2 23.9 40.6 0.0
SC-CoT - 54.4 50.0–58.7 54.4 41.0 53.8 0.0 69.4 65.2–73.3 69.4 48.3 66.3 0.0 65.8 61.5–69.8 65.8 38.1 64.9 0.0
1-shot - 65.2 60.9–69.2 65.2 34.7 62.4 0.0 68.0 63.8–71.9 68.0 47.1 64.5 0.0 53.6 49.2–57.9 53.6 31.8 56.4 0.0
3-shot - 57.8 53.4–62.1 57.8 30.8 55.6 0.0 52.0 47.6–56.3 52.0 25.8 50.3 0.0 49.6 45.2–54.0 49.6 30.3 51.4 0.0
5-shot - 67.2 63.0–71.2 67.2 35.1 64.2 0.0 64.8 60.5–68.9 64.8 42.1 59.6 0.0 51.0 46.6–55.4 51.0 30.2 53.8 0.0
10-shot - 67.0 62.8–71.0 67.0 34.1 63.2 0.0 56.4 52.0–60.7 56.4 36.6 52.3 0.0 48.0 43.7–52.4 48.0 29.4 51.8 0.0
Search PubMed 62.6 58.3–66.7 62.6 34.2 60.9 0.0 71.6 67.5–75.4 71.6 49.7 68.0 0.0 41.0 36.8–45.4 41.0 24.3 46.3 0.0
Search Text 41.4 37.2–45.8 41.4 23.2 38.3 0.0 64.0 59.7–68.1 64.0 45.4 61.7 0.0 26.0 22.3–30.0 26.0 19.4 35.9 0.0
Search StatP 45.0 40.7–49.4 45.0 28.0 44.5 0.0 64.8 60.5–68.9 64.8 45.5 62.3 0.0 26.6 22.9–30.6 26.6 20.0 36.6 0.0
Search Wiki 35.4 31.3–39.7 35.4 20.2 30.4 0.0 63.6 59.3–67.7 63.6 45.8 61.3 0.0 33.8 29.8–38.1 33.8 24.4 44.3 0.0
Ours PubMed 73.4 69.4–77.1 73.4 38.3 69.8 99.8 74.6 70.6–78.2 74.6 51.6 70.5 100 70.6 66.5–74.4 70.6 48.2 66.4 0.0
Ours Text 70.8 66.7–74.6 70.8 24.7 67.6 99.4 64.2 59.9–68.3 64.2 45.1 61.1 99.8 67.0 62.8–71.0 67.0 34.1 63.0 0.0
Ours StatP 73.4 69.4–77.1 73.4 38.2 69.7 99.8 70.8 66.7–74.6 70.8 36.4 66.7 99.8 70.6 66.5–74.4 70.6 36.2 66.7 0.0
Ours Wiki 68.0 63.8–71.9 68.0 28.5 64.9 99.6 73.0 68.9–76.7 73.0 38.2 69.3 99.8 68.6 64.4–72.5 68.6 46.5 64.4 0.0

failures: explanatory text, retrieved phrases, or multiple candidate labels were placed inside
<answer>...</answer> where only one constrained answer was allowed.

The error analysis separates the behaviors improved by MedSR from the behaviors that
remain weakly supervised. GRPO fine-tuning can reward trajectories that search and end with
valid answers, but the reward only observes final-answer correctness and coarse format validity.
It does not directly supervise whether the query is medically optimal, whether each retrieved
passage is clinically relevant, or whether the reasoning faithfully follows the evidence. Future
reward designs should consider retrieval quality, evidence attribution, contradiction handling,
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Fig. 2. Comparison of MedSR and inference-only baselines across models, datasets,
and retrieval corpora. (a) Best MedSR minus best baseline accuracy per model–dataset pair.
(b) MedSR accuracy averaged across models for each dataset and corpus. (c) Search versus MedSR
accuracy, paired by model, dataset, and corpus. (d) Best baseline and MedSR accuracies. (e) Number
of model–dataset pairs for which each corpus yields the highest MedSR accuracy; stacked colors
denote datasets. (f) MedSR minus Search accuracy by corpus, averaged over nine model–dataset
pairs; error bars show one standard deviation across pairs. Accuracy differences are in percentage
points. Best values denote observed test-set maxima.

and clinician-rated utility.

4.4. Ablation studies
The ablations use the Llama-3.2-3B-Instruct PubMedQA setting and vary retrieval depth,
reward formulation, corpus/retriever condition, LoRA rank, and fine-tuning duration. These
experiments were designed to separate three contributors to performance: the quality of evi-
dence exposed to the policy, the reward signal used to select higher-quality trajectories, and
the adapter capacity available for changing search-and-answer behavior.

Retrieval depth was non-monotonic in Fig. 3(a). Top-k = 2 was strongest, while larger k

values often reduced accuracy. This pattern is relevant for medical QA because additional
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Table 3. Retrieved evidence and answer outcomes in selected MedSR test-set trajecto-
ries. Qwen2.5-3B examples illustrate correct answers with aligned evidence, answer or format errors
despite aligned retrieval, and retrieval failures. Questions and retrieved passages are excerpted; ref-
erence and generated answers are shown for each case.

Dataset /
corpus

Retrieval
quality

Example question Top retrieved document/snippet shown to
the model

Target /
model
answer

Outcome

PubMedQA
/ PubMed

Aligned Bone-anchor fixation for
percutaneous bladder neck
suspension in female stress
urinary incontinence.

PubMed hit 0322_22353: “Does bone
anchor fixation improve the outcome of
percutaneous bladder neck suspension in
female stress urinary incontinence?”

yes / yes Correct answer
after aligned
retrieval.

HeadQA /
StatPearls

Aligned “Form extracellular fibers with
high tensile strength.”

StatPearls article 19708_0: “Biochemistry,
Collagen Synthesis – Introduction.
Collagen ... provides structural support ...
resistance to stretching.”

B / B Correct option
after aligned
retrieval.

HeadQA /
Textbooks

Aligned “Fibrocartilage.” Histology Ross: “Fibrocartilage is a
combination of dense connective tissue
and cartilage ... large bundles of type I
collagen.”

C / C Correct option
after aligned
retrieval.

PubMedQA
/ PubMed

Aligned Optimal acid suppression time for
healing severe reflux oesophagitis.

PubMed hit 0661_16389: “A model of
healing of Los Angeles grades C and D
reflux oesophagitis: is there an optimal
time of acid suppression...”

yes / span Retrieval
aligned, but
final answer
violated the
yes/no/maybe
format.

PubMedQA
/ PubMed

Aligned Whether a practicing surgeon can
detect early lymphedema reliably.

PubMed hit 0477_21998: “Can a practicing
surgeon detect early lymphedema
reliably? ... circumference changes ... limb
volume.”

maybe /
no

Retrieval
aligned, but
the model
made a
semantic
yes/no/maybe
error.

HeadQA /
PubMed

Failed/empty“The linear molecule of DNA
associated with proteins is.”

Query: “...”; PubMed hits 0975_2954 and
0976_10335: contents “. .”.

C / D Retrieval
failed; final
answer was
incorrect
despite valid
format.

MedQA-
USMLE /
Wikipedia

Off-
topic/generic

Renal biopsy with intravascular
spindle-shaped vacuoles after
unstable angina treatment.

Wikipedia hit: “Urinary tract infection.
Children”; second hit: “Kidney stone
disease. Ureteroscopic surgery.”

B / D Retrieval was
off topic and
final answer
was incorrect.

MedQA-
USMLE /
Wikipedia

Off-
topic/generic

Cocaine-associated chest pain
after acute coronary syndrome
treatment.

Wikipedia hit: “Heart. Imaging”; second
hit: “Heart. Heart failure.”

D / A Retrieval was
off topic and
final answer
was incorrect.

HeadQA /
Textbooks

Failed/incomplete“The linear molecule of DNA
associated with proteins is.”

Biochemistry Lippincott: “Linear and
circular DNA molecules”; Cell Biology
Alberts: “Polycomb group ... proteins.”

C / B Retrieval was
incomplete
and final
answer was
incorrect.

snippets can add corroborating evidence, but they can also introduce partially related find-
ings, population differences, or terminology that distracts the model from the required label.
The corpus and retriever comparison in Fig. 3(c) showed a similar dependence on evidence
alignment: PubMed was strongest for PubMedQA, whereas other corpora were competitive in
exam-style settings. MedSR therefore depends on evidence source and retrieval depth, beyond
the binary choice of using retrieval.

In the reward comparison in Fig. 3(b), answer correctness remained the most reliable
training signal. Small format and search-shaping terms helped stabilize valid trajectories, but
heavier format emphasis did not reliably improve accuracy. We use tags to make trajectories
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auditable, but keep the reward focused on the final medical answer. In Fig. 3(d), rank 64
was the largest rank tested and performed best. This does not establish adapter-capacity
saturation; higher ranks may further improve performance.

The checkpoint analysis in Fig. 3(e) showed that most improvement appeared within the
first 500–1250 steps, followed by noisier later checkpoints. One possible explanation is early
reinforcement of valid search-and-answer behavior, although accuracy alone cannot establish
this mechanism. These curves are retrospective test-set sensitivity analyses. Repeated exami-
nation of test performance introduces a risk of selection bias; checkpoint and hyperparameter
selection should use a separate validation split before final testing.
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Fig. 3. Sensitivity of MedSR to retrieval configuration, reward formulation, adapter
rank, and fine-tuning duration. All comparisons use Llama-3.2-3B-Instruct on PubMedQA. (a)
Passages retrieved per query; k = 0 disables retrieval. (b) Reward formulations defined in Table 1.
(c) Corpus choice with the E5-base-v2 retriever fixed. (d) LoRA adapter rank. (e) Test accuracy
across fine-tuning checkpoints. All accuracies are percentages.

5. Discussion
Untrained search prompting was a relevant baseline for PubMedQA because the task is tied
to abstracts, but adding retrieved text often left the model with the same answer-selection
problem and, in some cases, extra distractors. Even snippets that are not copied may influence
an answer through a plausible but irrelevant association or a population mismatch. MedSR
uses GRPO-style relative rewards24 to favor higher-scoring trajectories, although correct final
answers alone do not establish faithful use of the evidence.

The corpus results also show that no single retrieval source was best across all benchmarks.
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PubMed aligned best with PubMedQA, while textbooks, StatPearls, and Wikipedia were
useful for different examination-style questions. Increasing top-k did not monotonically help
either. Corpus and depth determine the evidence distribution that GRPO can learn from. A
unified index spanning all four corpora would test access to mixed evidence sources; explicit
source selection would additionally require a source-aware search action.

For medical informatics, the retrieval trace helps locate failures that final-answer accuracy
cannot distinguish. The qualitative cases include relevant retrieval followed by an incorrect
answer, sometimes involving negation, comparative wording, or association versus causation.
These observations motivate evidence-attribution and contradiction checks, but do not estab-
lish the frequency of each failure type.

One practical use of MedSR is post-hoc audit. For an incorrect PubMedQA prediction, the
saved trajectory helps reviewers examine the query, retrieved text, and evidence interpretation.
A format checker followed by constrained regeneration could also reduce malformed answers.
Such corrections should be evaluated separately from the original model outputs because they
change the inference procedure.

The results also show that a model score should be interpreted as a system-level mea-
surement rather than only as a property of the base LLM. For example, the same Llama-
3.2-3B-Instruct model scored 45.0% with untrained Wikipedia search prompting and 56.2%
with MedSR using textbooks on MedQA. A medical QA system built for literature questions
may need PubMed-like evidence, while an examination-focused system may align better with
educational or summary resources. More retrieval is not automatically better if additional
passages add distractors or shift the model away from the answer format.

The study has limits that follow directly from this experimental design. We train and
evaluate on structured QA benchmarks rather than live clinical decision support tasks, and
final answers are constrained to benchmark-specific answer spaces. Because the rewards are
based on benchmark labels, MedSR does not evaluate whether the model can communicate
uncertainty, adapt to patient-specific context, or avoid harmful open-ended clinical advice.
The experiments also use compact open models; larger models may follow the tool format
more reliably, rely differently on parametric memory, or require different retrieval depths.
Retrieved snippets should not be read as clinical guidelines or as sufficient evidence for care
decisions. The retriever also remains fixed: MedSR trains the language model’s search-and-
answer behavior, not the dense encoder or corpus index. Deployment would require local
validation of corpus choice and retrieval depth, a separate validation split for checkpoint
selection, safety evaluation, and clinician review.

6. Conclusion
We introduced MedSR, a reinforcement learning framework for medical question answering
that trains language models to reason with external medical search. Across three benchmarks,
three compact models, and four retrieval corpora, MedSR improved many model–dataset
combinations and exposed an auditable reason–search–answer trace. In these experiments,
appending retrieved passages to a frozen LLM was less effective than training the model to
decide what to search for and how to use the returned evidence. For medical QA, search should
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be evaluated as part of the learned answering process rather than only as an inference-time
prompt addition.
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