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Abstract

Large language models (LLMs) have shown
strong performance on medical question an-
swering benchmarks, yet existing evaluations
remain limited in assessing longitudinal clinical
reasoning across multiple hospital admissions.
We introduce CHRONOCLINQA, a large-scale
benchmark for longitudinal clinical reasoning
grounded in multi-admission electronic health
records. Built from longitudinal discharge sum-
maries in MIMIC-IV-Note, CHRONOCLINQA
contains 15,067 QA pairs spanning six clini-
cally grounded reasoning dimensions and three
complementary question formats: open-ended,
adversarial, and unanswerable multiple-choice
questions. Each instance requires reasoning
over temporally accumulated patient trajecto-
ries, with contexts averaging over 16K tokens
across up to eight hospital admissions. Exper-
iments on both general-purpose and medical
LLMs reveal substantial performance degra-
dation in longitudinal and adversarial settings,
highlighting persistent challenges in integrat-
ing cross-admission evidence and in tempo-
ral clinical reasoning. Our findings position
CHRONOCLINQA as a challenging benchmark
for advancing clinically grounded long-context
reasoning in medical LLMs.

1 Introduction

Large language models (LLMs) have shown sig-
nificant potential in medical applications, ranging
from healthcare delivery (Mukherjee et al., 2024;
Tu et al., 2024; Na et al., 2026a,b; Xu et al., 2026)
to clinical decision support (Kim et al., 2024; Chai
et al., 2025; Zhao et al., 2025; Fong et al., 2026).
Despite achieving expert-level performance on li-
censing benchmarks (Chen et al., 2025; Zhou et al.,
2025; Rao et al., 2026), current models remain lim-
ited in real-world clinical settings, as they struggle
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Figure 1: Comparison between existing clinical QA
benchmarks and CHRONOCLINQA.

with longitudinal, multi-step reasoning across mul-
tiple hospital admissions.

Existing datasets on medical question answering
(QA) are insufficient to evaluate these capabilities.
As shown in Figure 1, traditional benchmarks, such
as MedQA (Jin et al., 2020) and PubMedQA (Jin
et al., 2019), mainly assess static recall of isolated
textbook knowledge, lacking support for cross-
admission reasoning. Electronic health record
(EHR)-specific datasets, such as EHRXQA (Bae
et al., 2023) and EHRNoteQA (Kweon et al., 2024)
adopt extended task formats that either focus on
single-visit records or have short context windows,
offering little support for cross-admission integra-
tion or multi-step reasoning. TIMER-Eval (Cui
et al., 2025) introduces time-aware QA over lon-
gitudinal EHRs but focuses on isolated temporal
points rather than full longitudinal trajectories, leav-
ing a gap in evaluating models’ ability to reason
across multiple hospitalizations.

We present CHRONOCLINQA, a large-scale
clinical reasoning dataset to address the afore-
mentioned limitations. CHRONOCLINQA is con-
structed from longitudinal multi-admission dis-
charge records in MIMIC-IV-Note (Johnson et al.,
2023), and is built via a three-stage pipeline:
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extracting structured clinical trajectories across
consecutive hospitalizations, generating reasoning
questions grounded in these trajectories, and filter-
ing them through a format-adaptive quality adjudi-
cation framework. At its core is a six-dimensional
clinical reasoning taxonomy: Diagnostic Evolu-
tion, Therapeutic Trajectory and Optimization,
Biomarker and Physiological Trend Reasoning,
Causal and Etiological Reasoning, Complication
and Adverse Event Tracking, and Prognostic and
Disposition Reasoning (see Figure 1), derived from
established clinical decision-making frameworks
(Rajpurkar et al., 2022; Newman-Toker et al., 2024)
and operationalized via verifiable cross-admission
changes. This design explicitly targets the types
of longitudinal and multi-step reasoning that are
absent in prior datasets, ensuring that each question
challenges models to integrate evidence (Sun et al.,
2026a,b) across temporal and clinical dimensions.

Our contributions are three-fold: (1) We intro-
duce CHRONOCLINQA, a longitudinal clinical
QA benchmark with 15,067 questions grounded in
7,000 multi-admission patient trajectories, target-
ing long-context temporal reasoning across six clin-
ical dimensions. (2) We develop a scalable pipeline
for constructing evidence-grounded longitudinal
QA from discharge records through structured tra-
jectory extraction, reasoning-oriented question gen-
eration, and quality adjudication. (3) We bench-
mark state-of-the-art general and medical LLMs, re-
vealing substantial weaknesses in cross-admission
evidence integration, adversarial reasoning, and
long-context clinical inference.

2 Related Work

Clinical NLP Benchmarks have progressively
evolved from standardized examination datasets
(Jin et al., 2019, 2020) toward more clinically
grounded resources (Singhal et al., 2022; Fleming
et al., 2024), with recent frontier models achieving
expert-level performance on licensing-style evalua-
tions (Singhal et al., 2023; Nori et al., 2023). How-
ever, this progression has largely conflated clinical
competence with performance on isolated, single-
encounter snapshots of medical knowledge. Com-
prehensive surveys of LLMs in clinical settings
(Thirunavukarasu et al., 2023) reveal that existing
benchmarks systematically underrepresent the rea-
soning demands of real-world practice, where diag-
nostic and therapeutic decisions emerge from syn-
thesizing fragmented evidence accumulated across

a patient’s longitudinal history. Efforts to base eval-
uation on real clinical notes (Fleming et al., 2024;
Kweon et al., 2024) represent meaningful progress
yet remain constrained by single-visit scope and
limited scale, leaving the knowledge–practice gap
fundamentally unaddressed.

Longitudinal EHR Modeling has been exten-
sively studied in predictive tasks: readmission, mor-
tality, and disease progression (Harutyunyan et al.,
2019), where multi-visit information is encoded as
temporal signals for supervised prediction rather
than as evidence for interpretable reasoning. While
emrQA (Pampari et al., 2018), EHRXQA (Bae
et al., 2023), EHRNoteQA (Kweon et al., 2024)
have made important strides toward free-text clini-
cal reasoning, they have yet to model the continu-
ous evolution of clinical trajectories across admis-
sions. TIMER-Eval (Cui et al., 2025) begins to
address temporal structure in EHRs but only tar-
gets isolated temporal points rather than the cross-
admission dynamics that characterize complex lon-
gitudinal cases. Concurrently, benchmark design
research has established that robustness evaluation
requires both adversarial formulations (Rajpurkar
et al., 2018) and unanswerable subsets to probe
model calibration (Kadavath et al., 2022), dimen-
sions absent from all existing resources.

3 Dataset Construction

We construct CHRONOCLINQA through a three-
stage pipeline that transforms raw multi-admission
discharges into a rigorously validated clinical rea-
soning benchmark. Starting from the MIMIC-IV-
Note database (Johnson et al., 2023), we randomly
sample 1,000 patient instances for each multi-visit
setting spanning 2–8 admissions, yielding a diverse
longitudinal cohort covering varying levels of tem-
poral complexity. The pipeline combines struc-
tured longitudinal clinical representation, evidence-
driven question seeding, and format-adaptive qual-
ity adjudication, with human supervision during
construction. An overview is provided in Figure 2.

3.1 Longitudinal Clinical Representation

We first transform raw multi-admission discharge
summaries into a unified structured representa-
tion that captures each patient’s clinical trajectory
across hospitalizations. This stage is separated
into three steps: rule-based structural decomposi-
tion, clinical note information extraction, and cross-
admission clinical change detection.
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Figure 2: Overview of the CHRONOCLINQA construction pipeline.

Rule-Based Structural Decomposition MIMIC-
IV discharge summaries follow a semi-structured
format with identifiable section headers. We first
apply rule-based segmentation to parse each note
into 16 canonical clinical sections, which are fur-
ther organized into three temporally ordered phases:
presentation, workup and course, and discharge.
This phase-level representation reflects the natu-
ral progression of a clinical encounter (Bowen,
2006) and enables scope-constrained downstream
processing: each LLM receives only the phases
relevant to its extraction objective, reducing irrel-
evant contextual noise. For patients with multiple
admissions, notes are ordered chronologically and
augmented with an explicit temporal timeline con-
taining admission order, admission dates, length of
stay, and inter-admission intervals, which is propa-
gated throughout subsequent stages as a structured
temporal context.

Clinical Note Information Extraction Some de-
composed sections from the last step remain raw
text. To enable efficient cross-admission compari-
son in Step 3, we extract structured clinical signals
via DeepSeek-V4-Flash1 per note, each targeting
a distinct type of information. Structured extrac-
tion processes short, fact-dense sections (e.g., chief
complaint, procedures, discharge diagnosis) to pro-

1hf.co/deepseek-ai/DeepSeek-V4-Flash

duce discrete clinical items such as diagnosis lists
with primary/secondary labels. Narrative extrac-
tion processes longer, prose-style sections (e.g.,
history of present illness, hospital course, medica-
tion lists) to identify clinically meaningful signals
embedded in narrative text, including clinical prob-
lems, medication changes with type and rationale,
patient behaviors, and pending items. This ensures
that structured clinical facts and narrative reason-
ing traces are captured without either interfering
with the other’s extraction quality.

Cross-Admission Clinical Change Detection
With the extracted information in place, we identify
clinically meaningful changes across consecutive
admission pairs. For each patient with N ∈ [2, 8]
admissions, we construct N − 1 consecutive pairs
and submit each to DeepSeek-V4-Flash that com-
pares compressed summaries of both notes, pro-
ducing a structured set of cross-admission clinical
changes. Each identified change is categorized
according to six predefined clinically grounded rea-
soning dimensions:
• Diagnostic Evolution, capturing shifts in diag-

nosis status, certainty, or classification across
admissions (Graber et al., 2005);

• Therapeutic Trajectory and Optimization, cov-
ering changes in treatments, medications, and
clinical interventions (Spinewine et al., 2007);
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• Biomarker and Physiological Trend Reasoning,
tracking directional changes in laboratory val-
ues and physiological parameters (Harutyunyan
et al., 2019);

• Causal and Etiological Reasoning, linking
events across admissions through explicit causal
or etiological relationships (Hernan and Robins,
2020);

• Complication and Adverse Event Tracking, doc-
umenting newly emerged complications or ad-
verse outcomes (Makary and Daniel, 2016);

• Prognostic and Disposition Reasoning, reflect-
ing changes in functional status, discharge desti-
nation, or mortality trajectory (Krumholz, 2013).

These six clinically grounded dimensions span the
inferential demands of longitudinal clinical reason-
ing; detailed definitions are provided in Appendix
C.

3.2 Reasoning-Oriented Question Generation

Building on the cross-admission clinical changes
identified in Stage 1, this stage systematically plans
and generates a diverse set of reasoning questions.
The process separates the decision of what to ask
from how to ask it: a fully deterministic planning
step first determines which clinical reasoning di-
mensions are supported and how many questions
each warrants, after which an LLM-driven genera-
tion step produces questions in multiple formats.

Dimension-Aware Question Planning Not ev-
ery patient record contains sufficient evidence to
support all clinical dimensions. Therefore, be-
fore question generation, we assess the eligibil-
ity of each instance for every clinical dimension
based on the cross-admission clinical changes iden-
tified in Section 3.1. For each eligible dimension
d, the number of generated questions nd is de-
termined by its evidential richness ed, defined as
the number of clinically meaningful supporting
changes. Specifically, nd ∈ 1, 2, 3 corresponds
to ed ∈ 1, [2–3], ≥4, respectively. The choice
of requiring at least four evidence items, rather
than three, for the maximum allocation of three
questions is intentional: generating multiple ques-
tions from only three evidence signals can lead
to over-extraction, producing clinically superficial
questions that merely rephrase the same underly-
ing observation from slightly different perspectives
(Schuwirth and Van der Vleuten, 2011).

Beyond determining question quantity, the plan-
ning stage also specifies the reasoning modalities

to be elicited. Drawing on prior work in reason-
ing and question generation (Mihaylov et al., 2018;
Tandon et al., 2018), together with principles from
clinical assessment design (Daniel et al., 2019), we
define eight reasoning operations (e.g., explanatory,
comparative, counterfactual, etc.) that are paired
with the corresponding clinical dimensions during
question generation. Detailed definitions of these
reasoning operations, along with their allocation
strategies across the six clinical dimensions, are
provided in Appendix D.

Multi-Format Question Generation The pre-
vious stage determines both the number of ques-
tions to generate for each clinical dimension and
the reasoning operations to elicit, but not their
presentation format. Following established prin-
ciples in clinical assessment design (Epstein, 2007;
Schuwirth and Van der Vleuten, 2011), we generate
three complementary formats from a shared canon-
ical representation: Open-Ended Questions (OEQ),
Adversarial Questions (ADVQ), and Unanswerable
Multiple-Choice Questions (MCQ-U).

Canonical Generation. For each eligible
(instance, dimension) pair, DeepSeek-V4-Flash
generates nd canonical questions. Each canoni-
cal contains: (1) a longitudinal clinical scenario
synthesized across admissions; (2) a core reason-
ing question requiring evidence from at least two
time points; (3) a correct answer with an explicit
reasoning chain; (4) supporting change indices for
provenance tracing; and (5) clinically grounded
common errors used for distractor construction.
This canonical representation serves as a shared
semantic anchor across all downstream formats, en-
suring consistency in both reasoning requirements
and gold-standard answers despite differences in
surface form.

Format Assignment. Question formats are as-
signed through a deterministic, signal-conditioned
strategy. Within each (instance, dimension) group
of nd canonicals, the first question is assigned OEQ
(when nd = 1). When nd ≥ 2, the second is as-
signed ADVQ; when nd = 3, the third is assigned
MCQ-U.

A temporal trap occurs when a clinical finding
evolves from uncertainty to confirmation across
admissions (Mamede et al., 2008). A false conti-
nuity trap arises when two changes share similar
prior states but diverge into distinct outcomes, po-
tentially masking different etiologies beneath su-
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perficially similar findings (Norman, 2005). Either
condition triggers assignment to ADVQ. By con-
trast, an absence trap occurs when the prior state
of a clinical change is explicitly undocumented,
creating a genuine information gap; such cases are
assigned to MCQ-U. If no specialized signal is de-
tected, the third question defaults to OEQ, since
constructing clinically meaningful adversarial traps
or distractors from marginal evidence often leads
to implausible variants (Haladyna et al., 2002).

Variant Generation. Each canonical is subse-
quently transformed into its assigned format. OEQ
variants are generated deterministically from canon-
ical fields without additional LLM inference, with
the reasoning chain directly serving as structured
supervision (Wei et al., 2022). ADVQ variants
embed the detected trap into an otherwise natu-
ral clinical question. Temporal traps encourage
over-reliance on a single time-point observation
(Croskerry, 2003; Mamede et al., 2008), whereas
false-continuity traps frame superficially similar
findings as manifestations of the same underlying
condition (Norman, 2005; Kahneman, 2011). To
preserve realism, no meta-linguistic cues indicat-
ing the presence of a trap are allowed. Finally,
MCQ-U variants follow the unanswerable question
paradigm of Rajpurkar et al. (2018): the correct
answer explicitly states that the available notes are
insufficient, while distractors correspond to plausi-
ble yet unsupported inferences that may arise from
premature clinical closure (Krupat et al., 2017).

3.3 Format-Adaptive Quality Adjudication

To ensure the clinical validity and pedagogical re-
liability of the generated QA pairs, we adopt a
format-adaptive LLM-as-a-judge framework using
GPT-OSS-120B (OpenAI et al., 2025). Since dif-
ferent question formats impose distinct quality re-
quirements, we design three specialized evaluation
rubrics, each consisting of six dimensions scored
on a 0–3 integer scale (total score: 0–18). For
OEQ, the rubric evaluates answerability, evidence
consistency, grounding fidelity, reasoning validity,
clinical correctness, and longitudinal integration
(Guyatt et al., 2008; Cook and Hatala, 2016). For
ADVQ, the rubric focuses on trap effectiveness,
subtlety, clinical reasoning soundness, cognitive
challenge, clinical plausibility, and distinguisha-
bility (Croskerry, 2003; Kahneman, 2011). For
MCQ-U, the evaluation assesses unanswerability
validity, distractor plausibility, premature-closure

risk, cognitive challenge, clinical realism, and dis-
tinguishability (Rajpurkar et al., 2018; Jin et al.,
2020). To validate adjudication reliability, we ran-
domly sampled 100 instances per predefined rea-
soning dimension for manual comparison against
model judgments, with a medical PhD student with
clinical training experience and a clinically trained
annotator averaging, yielding a Cohen’s Kappa (Co-
hen, 1960) of 73.19%.

A sample is accepted only if its total score is at
least 15/18. In addition, any sample receiving a
grounding fidelity score of ≤ 1 is automatically
rejected regardless of its overall score, ensuring
strict evidence grounding. Finally, we obtain a
curated benchmark containing 15,067 high-quality
clinical QA instances.

3.4 Dataset Characteristics
Overall, CHRONOCLINQA benchmark contains
7,000 subjects, 35,000 clinical notes, and 15,067
questions constructed over temporally accumulated
patient histories. Unlike conventional clinical QA
datasets that rely on isolated encounters, CHRONO-
CLINQA explicitly emphasizes longitudinal tem-
poral reasoning: each subject contains 2–8 tempo-
rally ordered clinical notes (average 5.0). To evalu-
ate model robustness under different reasoning set-
tings, the benchmark further includes three comple-
mentary question formats: open-ended questions
(67.5%), adversarial questions (16.9%), and uncer-
tainty multiple-choice questions (MCQ-U, 15.6%).
Detailed statistics are presented in Appendix B.

4 Experiments

4.1 Experimental Setup
We evaluate a diverse set of both general-purpose
and medical-domain LLMs. Since many medical
LLMs are developed via domain adaptation of exist-
ing foundation models, we organize the evaluated
systems by their architectural lineage and clinical
specialization. Specifically, we evaluate a set of
general-purpose and medical LLMs spanning stan-
dard and reasoning-oriented architectures. General-
purpose models include Qwen2.5-7B (Qwen et al.,
2025), Qwen2.5-14B (Qwen et al., 2025), Llama-
3.1-8B (Grattafiori et al., 2024), and Apertus-8B
(Apertus et al., 2025), together with reasoning mod-
els Qwen3-8B (Yang et al., 2025), Hy3-295B2,
and Qwen3.5-397B-A17B (Qwen Team, 2026).
We also include medical LLMs sharing similar

2huggingface.co/tencent/Hy3
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Model Reasoning OEQ ADVQ MCQ-U

EmbedSim R-L BLEU Clin-F1 Corr. Comp. RQ EmbedSim R-L BLEU Clin-F1 Corr. Comp. RQ TA Acc ↑

General-Purpose LLMs

Qwen2.5-7B ✗ 82.96 22.31 5.36 21.96 91.47 72.13 88.87 77.93 16.95 3.42 17.42 50.23 30.58 48.16 49.70 71.07
Qwen3-8B ✓ 80.62 22.41 6.28 22.52 95.60 86.75 94.75 74.85 16.67 3.82 17.14 57.40 45.73 56.80 56.93 43.40
Apertus-8B ✗ 76.51 17.82 3.81 18.87 85.65 68.35 84.60 73.14 14.66 2.96 15.64 49.53 42.87 49.33 54.33 57.27
Llama-3.1-8B ✗ 81.15 21.49 4.65 21.32 90.24 56.14 84.61 73.88 14.70 2.36 14.98 44.90 21.61 41.23 44.43 65.80
Qwen2.5-14B ✗ 85.94 24.72 6.46 24.63 95.74 80.18 93.68 80.66 18.92 4.10 19.51 60.11 43.50 59.64 59.71 63.02
Hy3-295B ✓ 85.01 24.09 6.23 23.13 92.85 91.80 92.85 74.22 15.79 3.09 16.29 62.60 61.27 62.67 79.27 37.35
Qwen3.5-397B-A17B ✓ 87.55 25.10 6.26 24.61 97.75 96.15 97.80 82.42 19.86 4.87 20.82 76.00 74.93 76.27 83.33 63.33

Medical Domain LLMs

Meditron3-Qwen2.5-7B ✗ 82.71 21.39 5.02 21.85 88.96 63.42 85.05 76.32 16.51 3.33 16.93 46.20 24.53 42.00 45.53 78.20
HuatuoGPT-o1-7B ✓ 83.50 18.77 4.15 20.64 94.30 92.75 94.35 77.93 16.41 3.77 17.40 56.07 53.87 56.00 65.60 77.67
HuatuoGPT-o1-8B ✓ 83.89 22.22 5.19 21.69 95.25 89.25 95.15 83.01 19.17 4.00 19.73 54.73 51.60 54.80 56.60 58.80
Meditron3-8B ✗ 80.66 20.38 5.04 21.74 85.65 66.50 84.00 72.17 15.27 3.08 15.29 34.20 21.13 33.07 34.27 49.40
HuatuoGPT-3-8B ✓ 84.91 20.41 4.43 19.69 92.80 91.85 92.80 76.03 14.95 3.12 14.38 53.47 52.93 53.47 66.13 64.53
Apertus-8B-MeditronFO ✗ 67.92 14.11 2.49 13.61 73.25 53.10 72.05 63.53 9.78 1.35 9.37 36.53 27.60 36.00 49.60 69.93
Meditron3-Qwen2.5-14B ✗ 83.15 22.64 5.50 22.69 94.55 81.75 94.30 74.41 15.37 2.89 15.77 52.33 41.80 52.13 60.00 56.00

Table 1: Experimental results on CHRONOCLINQA. OEQ is evaluated using embedding similarity (EmbedSim),
ROUGE-L (R-L), BLEU, Clinical Entity F1 (Clin-F1), Correctness (Corr.), Completeness (Comp.), and Reasoning
Quality (RQ). ADVQ is evaluated using EmbedSim, R-L, BLEU, Clin-F1, Correctness, Completeness, Reasoning
Quality, and Trap Avoidance (TA). MCQ-U is evaluated using Accuracy (Acc). Higher values indicate better
performance for all metrics. Best performance for each metric is highlighted in bold.

base architectures, including Meditron3-Qwen2.5-
7B3, Meditron3-Qwen2.5-14B4, Meditron3-8B5,
Apertus-8B-MeditronFO (Theimer-Lienhard et al.,
2026), and the reasoning-oriented medical mod-
els HuatuoGPT-o1-7B, HuatuoGPT-o1-8B (Chen
et al., 2024), and HuatuoGPT-3-8B6, which are
designed to enhance multi-step clinical reasoning
through explicit deliberation mechanisms. For fair
comparison, the temperature is fixed at 0.0 for all
models. Due to resource limitations, we randomly
sample 5,000 data points in evaluation. Prompts
used for each question format are provided in Ap-
pendix F.

Evaluation Metrics. For OEQ and ADVQ, we
report EmbedSim, ROUGE-L, BLEU, and Clin-
ical Entity F1 (Clin-F1), together with LLM-as-
a-judge metrics scored by GPT-4o-mini7. Specif-
ically, Correctness (Corr.) and Completeness
(Comp.) follow TIMER-Eval (Cui et al., 2025),
while Reasoning Quality (RQ) is used for both
formats and Trap Avoidance (TA) is additionally
used for ADVQ. MCQ-U is evaluated using Accu-
racy (Acc). These metrics assess semantic, lexical,
clinical, reasoning, and adversarial robustness.

4.2 Experimental Results

Table 1 summarizes performance on OEQ, ADVQ,
and MCQ-U. Overall, performance remains un-
even across formats. Qwen3.5-397B-A17B leads

3hf.co/OpenMeditron/Meditron3-Qwen2.5-7B
4hf.co/OpenMeditron/Meditron3-Qwen2.5-14B
5hf.co/EPFLiGHT/Meditron3-8B
6hf.co/FreedomIntelligence/HuatuoGPT-3-8B
7https://developers.openai.com/api/docs/

models/gpt-4o-mini

most on OEQ and ADVQ, yet its MCQ-U accuracy
(63.33) trails the best result (78.20). This contrast
shows that strong generation and rubric scores do
not ensure reliable recognition of unanswerable
clinical questions.

Performance on Open-Ended Questions. On
OEQ, Qwen3.5-397B-A17B leads EmbedSim
(87.55), ROUGE-L (25.10), Correctness (97.75),
Completeness (96.15), and Reasoning Quality
(97.80). Qwen2.5-14B achieves the best BLEU
(6.46) and Clin-F1 (24.63). This pattern links scale
and explicit reasoning to stronger semantic and
rubric-based scores, but not uniform gains in lexical
or entity overlap. The modest ROUGE-L, BLEU,
and Clin-F1 scores further highlight the difficulty
of aligning generated answers with precise longitu-
dinal clinical evidence.

Medical Domain Adaptation Does Not Consis-
tently Improve Performance. Medical-domain
adaptation does not consistently outperform
general-purpose models. Meditron3-Qwen2.5-7B
trails Qwen2.5-7B on every OEQ and ADVQ met-
ric, although it attains the highest MCQ-U accu-
racy (78.20). Meditron3-Qwen2.5-14B also under-
performs its base across all metrics, whereas Hu-
atuoGPT variants yield isolated gains. For exam-
ple, HuatuoGPT-o1-8B records the highest ADVQ
EmbedSim (83.01) without broad superiority. Do-
main specialization may therefore improve selected
behaviors but does not reliably strengthen longitu-
dinal evidence integration.

Performance on Adversarial Questions. At
the aggregate level, all evaluated models obtain
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lower semantic, lexical, entity-overlap, and rubric-
based scores on ADVQ than on OEQ. For exam-
ple, Qwen3.5-397B-A17B declines from 87.55 to
82.42 in EmbedSim, from 24.61 to 20.82 in Clin-
F1, and from 97.80 to 76.27 in Reasoning Quality.
Although it still leads seven of the eight ADVQ
metrics, HuatuoGPT-o1-8B achieves the highest
ADVQ EmbedSim (83.01). Because OEQ and
ADVQ in Table 1 are disjoint, signal-conditioned
question sets, these aggregate differences reflect
both question-set composition and adversarial fram-
ing. Section 4.3 provides a matched analysis that
reduces this content-selection confounding.

Performance on Unanswerable MCQ. MCQ-U
accuracy ranges from 37.35 for Hy3-295B to 78.20
for Meditron3-Qwen2.5-7B, with HuatuoGPT-o1-
7B close behind at 77.67. Reasoning-enabled mod-
els do not consistently dominate: Qwen3.5-397B-
A17B reaches 63.33, whereas Qwen3-8B and Hy3-
295B obtain 43.40 and 37.35, respectively. This
spread indicates substantial variation in recogniz-
ing insufficient evidence and shows that strong
OEQ or ADVQ performance does not ensure reli-
able decisions on unanswerable cases, underscor-
ing persistent uncertainty-calibration challenges.

4.3 Paired Analysis OEQ–ADVQ Comparison

Because the OEQ and ADVQ results in Table 1
are computed on disjoint, signal-conditioned ques-
tion sets, their aggregate differences may conflate
adversarial framing with scenario selection. There-
fore, we conducted a paired analysis in the 5,000-
instance evaluation subset by aligning the OEQ and
ADVQ variants derived from the same longitudinal
clinical scenarios. The matched pool comprised
354 scenario pairs, with 343–354 valid pairs per
model across the seven models included in this
analysis. Within the matched subset, ADVQ re-
duced EmbedSim by 3.89–9.44 points and Clin-
F1 by 2.91–5.49 points. All EmbedSim confi-
dence intervals excluded zero, and the paired differ-
ences were significant under two-sided Wilcoxon
signed-rank tests (p ≤ 0.015 for EmbedSim and
p ≤ 0.002 for Clin-F1). For both metrics, all
seven models showed significant OEQ–ADVQ dif-
ferences after Holm correction across the 14 paired
tests. The size of the paired effects was negligi-
ble to small (EmbedSim: dz = 0.18–0.41; Clin-
F1: dz = 0.19–0.36), indicating a consistent but
moderate degradation. HuatuoGPT-3-8B exhib-
ited the largest EmbedSim reduction (9.44 points),

whereas Qwen2.5-14B achieved the highest abso-
lute EmbedSim within the paired subset under both
formats but still declined by 5.74 points. These
findings show that the OEQ-ADVQ gap persists
after matching longitudinal scenarios, providing
more controlled evidence of sensitivity to adver-
sarial formulation while avoiding a purely causal
interpretation of the aggregate comparison.

4.4 Longitudinal Context Ablations

To distinguish longitudinal evidence integration
from long-context effects, we evaluate Llama-
3.1-8B and Meditron3-8B under three controlled
context ablations. Latest-note-only and single-
admission-only remove cross-admission evidence,
whereas shuffled-order preserves the admission
content and approximate context length but dis-
rupts chronology. Across both models, their per-
formances on OEQ and ADVQ are worse under all
three ablations than under the full longitudinal set-
ting. For Llama-3.1-8B, latest-note-only produces
the largest reduction, decreasing EmbedSim from
81.15 to 74.66 on OEQ and from 73.88 to 65.14
on ADVQ; shuffled-order causes a smaller but con-
sistent decline. Meditron3-8B is substantially more
sensitive: shuffled-order reduces OEQ EmbedSim
from 80.66 to 61.62, while latest-note-only reduces
ADVQ EmbedSim from 72.17 to 53.52. Because
shuffling preserves the available admissions while
changing only their order, these results provide
the clearest evidence that chronological organiza-
tion contributes beyond context length or retrieval
load alone. Nevertheless, the smaller shuffled-order
effect for Llama-3.1-8B shows that sensitivity to
chronology is model dependent.

MCQ-U exhibits a different pattern. Llama-
3.1-8B improves from 65.80 under the full set-
ting to 67.73–75.00 under the ablations, whereas
Meditron3-8B declines from 49.40 to 4.28–23.07.
Thus, reduced context does not uniformly impair
unanswerable-question accuracy: it may remove
distracting evidence for some models while caus-
ing others to make unsupported predictions un-
der incomplete context. Overall, the generation
results consistently demonstrate the value of cross-
admission evidence, whereas the divergent MCQ-
U results reveal substantial model-specific differ-
ences in uncertainty calibration. Additional analy-
sis across context-length and temporal-depth bins
is provided in Appendix A.
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Model Metric OEQ ADVQ ∆pair 95% CI dz p

HuatuoGPT-3-8B EmbedSim 75.48 66.05 9.44 [7.03, 11.85] 0.41 < 0.001
Clin-F1 19.46 13.97 5.49 [3.88, 7.10] 0.36 < 0.001

HuatuoGPT-o1-7B EmbedSim 72.22 67.41 4.81 [2.65, 6.97] 0.23 0.013
Clin-F1 20.48 17.57 2.91 [1.31, 4.52] 0.19 0.002

Llama-3.1-8B EmbedSim 72.74 65.74 7.00 [4.73, 9.27] 0.32 < 0.001
Clin-F1 20.63 15.48 5.15 [3.27, 7.02] 0.29 < 0.001

Meditron3-Qwen2.5-7B EmbedSim 73.51 67.98 5.54 [3.25, 7.83] 0.25 0.004
Clin-F1 21.56 16.93 4.63 [2.86, 6.39] 0.28 < 0.001

Qwen2.5-14B EmbedSim 77.28 71.54 5.74 [3.75, 7.72] 0.30 < 0.001
Clin-F1 24.47 19.58 4.89 [3.13, 6.66] 0.29 < 0.001

Qwen2.5-7B EmbedSim 73.48 69.59 3.89 [1.62, 6.15] 0.18 0.015
Clin-F1 21.99 18.11 3.88 [2.10, 5.67] 0.23 < 0.001

Qwen3-8B EmbedSim 71.04 64.15 6.89 [4.10, 9.68] 0.26 < 0.001
Clin-F1 21.70 16.58 5.12 [3.11, 7.13] 0.27 < 0.001

Table 2: Paired OEQ–ADVQ comparison on matched longitudinal clinical scenarios from the 5,000-instance
evaluation subset. EmbedSim, Clin-F1, and their paired differences are reported on a 0–100 scale. ∆pair =
OEQ−ADVQ, such that a positive value indicates degradation under ADVQ. Confidence intervals are 95% CIs
for the mean paired difference, dz is the paired standardized mean difference, and p is obtained from a two-sided
Wilcoxon signed-rank test. All comparisons remain significant after Holm correction across the 14 paired tests.

Model Setting OEQ ADVQ MCQ-U

EmbedSim R-L BLEU Clin-F1 EmbedSim R-L BLEU Clin-F1 Acc

Llama-3.1-8B Full 81.15 21.49 4.65 21.32 73.88 14.70 2.36 14.98 65.80
Latest 74.66 18.46 3.64 17.37 65.14 11.09 1.49 10.23 75.00
Single 77.98 20.11 4.17 19.10 69.34 12.90 1.93 12.72 70.07
Shuffled 79.20 20.82 4.45 20.57 70.61 13.57 2.19 13.48 67.73

Meditron3-8B Full 80.66 20.38 5.04 21.74 72.17 15.27 3.08 15.29 49.40
Latest 66.89 13.96 3.27 15.27 53.52 8.00 1.93 9.05 4.28
Single 68.90 14.31 3.28 17.12 61.08 10.73 2.55 12.73 14.87
Shuffled 61.62 10.62 2.42 14.63 58.15 8.39 2.01 12.85 23.07

Table 3: Controlled longitudinal-context ablations for Llama-3.1-8B and Meditron3-8B. Full preserves all admissions
in chronological order; Latest retains only the most recent admission; Single retains one admission; and Shuffled
preserves the same admission content while permuting admission order. Scores are computed over valid outputs and
reported on a 0–100 scale. The best result within each model and metric is highlighted in bold.

4.5 Error Analysis

To better understand model limitations on CHRON-
OCLINQA, we qualitatively analyzed representa-
tive prediction failures from both general-purpose
and medical-domain LLMs. As summarized in
Table 8, we identify four recurring failure modes
that consistently impair performance across OEQ,
ADVQ, and MCQ-U settings:

Temporal Shortcut Reasoning. Models often
rely on temporally local or salient evidence while
underutilizing longitudinal context. As shown
in Table 8, when predicting a disposition transi-
tion from home service to an extended care fa-
cility, the model attributed the change to chronic
psychiatric or cognitive conditions rather than
acute hospitalization-related functional decline
(e.g., fracture and mobility impairment). This sug-

gests a tendency to prioritize prominent historical
conditions over temporally distributed evidence.

Over-Reliance on Salient Clinical Entities.
Models also overfit to clinically salient entities
such as medications, pathogens, or disease pat-
terns. In a recurrent urinary tract infection case,
the model attributed an earlier admission to Pro-
teus mirabilis despite no supporting microbiology
evidence, likely relying on stereotypical associa-
tions between catheterization and infection patterns
rather than record-grounded evidence.

Failure to Abstain Under Clinical Uncertainty.
In MCQ-U settings, models frequently fail to rec-
ognize insufficient evidence and instead commit to
plausible but unsupported conclusions. For exam-
ple, when mild liver enzyme elevation occurred dur-
ing concurrent antibiotic use, the model attributed
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hepatotoxicity to a specific drug despite the absence
of evidence for causal attribution. This behavior
aligns with the low accuracy in Table 1, indicat-
ing poor uncertainty calibration under ambiguous
evidence.

Distractor Susceptibility in Adversarial Settings.
Adversarial questions expose a tendency to follow
clinically plausible but misleading cues. In one
case, transient transaminitis was misattributed to
antibiotic-induced liver injury, whereas longitudi-
nal evidence more strongly supported infection-
related metabolic instability. These failures sug-
gest that strong performance on CHRONOCLINQA
requires not only medical knowledge, but also tem-
poral evidence integration, causal reasoning, dis-
tractor resistance, and calibrated uncertainty.

5 Conclusion

We introduce CHRONOCLINQA, a large-scale
benchmark for evaluating longitudinal clinical rea-
soning across multiple hospital admissions. Chron-
oClinQA combines long-context patient trajecto-
ries, six clinically grounded reasoning dimensions,
and three complementary QA formats to assess
multi-step temporal reasoning and robustness in
realistic clinical settings. Through a three-stage
construction pipeline with format-adaptive quality
adjudication, we curate 15,067 high-quality QA
pairs spanning diverse longitudinal scenarios. Ex-
perimental results show that even strong general-
purpose and medical LLMs struggle with cross-
admission reasoning, adversarial clinical traps,
and unanswerable settings, highlighting substan-
tial gaps between current model capabilities and
real-world longitudinal clinical reasoning demands.

Limitations

Despite its scale and clinical grounding, CHRONO-
CLINQA has two main limitations. (1) The bench-
mark is constructed from the single MIMIC-IV-
Note (Johnson et al., 2023) dataset, which is, to the
best of our knowledge, the only publicly accessi-
ble, de-identified clinical note corpora that provide
large-scale discharge summaries linkable across
patient admissions, making them particularly suit-
able for longitudinal multi-admission QA. (2) Due
to resource limitations, we only evaluate two of
the latest frontier-scale proprietary models. Nev-
ertheless, the evaluated models cover a diverse set
of general-purpose and medical LLMs, including
both standard and reasoning-oriented architectures

with different model lineages and parameter scales,
which we believe is sufficient to reveal consistent
weaknesses in cross-admission evidence integra-
tion, adversarial robustness, long-context reason-
ing, and uncertainty calibration.

Ethical Considerations

We discuss the following ethical considerations re-
lated to our CHRONOCLINQA dataset as follows:
(1) Data Access and Privacy. CHRONOCLINQA
is constructed from MIMIC-IV-Note, which is dis-
tributed under the PhysioNet Credentialed Health
Data License 1.5.0 and governed by the PhysioNet
Credentialed Health Data Use Agreement (DUA)
1.5.0. We adhere to the license and restrict CHRON-
OCLINQA to research use only. Access is re-
stricted to users who have independently obtained
authorized access to MIMIC-IV-Note, completed
the required training, and signed the applicable
PhysioNet Data Use Agreement. Since MIMIC-IV-
Note is de-identified by the original data providers,
all benchmark construction and evaluation are con-
ducted exclusively on anonymized records, and no
re-identification attempts are performed. (2) In-
tended Use. CHRONOCLINQA is intended for re-
search on longitudinal clinical reasoning over elec-
tronic health records and for benchmarking medical
LLMs. The benchmark may support the develop-
ment of more reliable and evidence-grounded mod-
els for longitudinal EHR reasoning. Researchers
may also adapt our dataset construction method-
ology to develop related clinical reasoning bench-
marks. (3) Potential Risks and Mitigation. Al-
though the source data are de-identified, CHRONO-
CLINQA may inherit biases from historical ICU-
centered clinical records and institutional practices
in MIMIC-IV-Note. We therefore conduct manual
spot-checking on randomly sampled instances to
assess annotation quality, privacy-sensitive content,
and potential dataset issues. We do not anticipate
substantial additional privacy risks beyond those
associated with the original dataset. (4) Use of
AI. We used ChatGPT for language refinement and
figure polishing. All AI-assisted outputs were man-
ually reviewed and verified by the authors, who
retain full responsibility for the final content.
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A Impact of Context Length and
Temporal Depth

To better understand how longitudinal clinical com-
plexity is associated with model performance, we
analyze results across different temporal depths and
context lengths, as shown in Figure 3. We evalu-
ate selected general-purpose and medical-domain
LLMs using ROUGE-L on OEQ and accuracy on
MCQ-U.

Longer Contexts Do Not Consistently Improve
Performance. Across the context-length bins,
several models obtain lower scores at 24K–32K to-
kens than at 4K–8K tokens, particularly in MCQ-U
accuracy. However, this pattern is neither mono-
tonic nor universal. For example, Qwen2.5-7B
exhibits a ROUGE-L rebound in the longest con-
text bin, while HuatuoGPT-o1-7B and Meditron3-
Qwen2.5-7B achieve their highest accuracy at in-
termediate context lengths. These results therefore
suggest that additional context does not consis-
tently translate into better performance and may
be associated with degradation for some models
and metrics. This pattern may reflect the greater
demands that longer contexts place on identifying,
filtering, and integrating clinically relevant infor-
mation across encounters.

Greater Temporal Depth Produces Non-
Monotonic Performance. Performance also
varies non-monotonically as the number of
clinical notes increases. No model improves
consistently across all temporal depths. Several
accuracy curves decline at intermediate note counts
and subsequently recover, whereas ROUGE-L
generally fluctuates within a narrower range.
These patterns suggest that performance becomes
less predictable as more encounters are introduced.
They are consistent with the possibility that models
must reconcile temporally distributed or evolving
clinical information. However, because note count
is only a proxy for temporal reasoning depth
and may also correlate with context length and
case composition, the observed changes cannot
be attributed exclusively to temporal reasoning
difficulty.

Medical Adaptation Provides Selective Rather
Than Uniform Advantages. Medical-domain

models, particularly Meditron3-Qwen2.5-7B and
HuatuoGPT-o1-7B, achieve relatively high accu-
racy under several long-context and high-note-
count settings. Nevertheless, their performance re-
mains non-monotonic, and their advantages do not
consistently extend to ROUGE-L or to every con-
text range. The figure therefore provides evidence
of selective advantages under some longitudinal
settings rather than uniformly greater robustness.
Overall, domain specialization alone does not ap-
pear sufficient to ensure reliable performance as
context length and temporal depth increase.

B Detailed Dataset Statistics

Statistic Value

Dataset Scale
# Subjects 7,000
# Questions 15,067
# Discharge Notes 35,000
Notes per Subject 5.0± 2.0
Questions per Subject 2.5± 1.3

Context Length
Context Words (µ± σ) 9,040± 3,422
Context Tokens (µ± σ) 16,143± 6,269

Long-Context Pressure (% Subjects)
> 4K tokens 100.0%
> 8K tokens 99.7%
> 16K tokens 43.0%
> 32K tokens 1.7%

Question Format (# / %)
Open-ended 10,163 / 67.5%
Adversarial 2,551 / 16.9%
MCQ-U 2,353 / 15.6%

Table 4: Overview statistics of CHRONOCLINQA.
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Figure 3: Model performance across temporal depth and context length bins. We report ROUGE-L for free-form
generation and Accuracy for MCQ-U.
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C Clinical Dimension Definition

Clinical Dimension Definition Longitudinal Signal Example Reasoning Focus

Six-Dimensional Clinical Reasoning Taxonomy

Diagnostic Evolution Reasoning about changes in diagnoses
across admissions, including emergence,
resolution, refinement, or shifts in diag-
nostic certainty.

Changes in diagnosis status, severity,
certainty, or classification over time.

How or why a diagnosis changed between
admissions; identifying disease progression
or diagnostic revision.

Therapeutic Trajectory and
Optimization

Reasoning about treatment adjustments
and clinical interventions across longitu-
dinal care.

Medication changes, treatment
escalation/de-escalation, intervention
responses, or optimization decisions.

Why therapies were modified, discontinued,
or intensified over time.

Biomarker and Physiologi-
cal Trend Reasoning

Reasoning over temporal trends in labora-
tory findings and physiological measure-
ments.

Directional changes in biomarkers, vi-
tal signs, or physiological indicators
across visits.

Interpreting worsening, recovery, or clini-
cally meaningful trends in patient status.

Causal and Etiological Rea-
soning

Reasoning about causal relationships link-
ing events, conditions, or interventions
across admissions.

Sequential clinical events with explicit
or implied causal dependency.

Identifying causes of complications, dis-
ease progression, or treatment outcomes.

Complication and Adverse
Event Tracking

Reasoning about newly emerged compli-
cations, adverse outcomes, or secondary
clinical events.

Emergence or progression of compli-
cations and treatment-related adverse
effects.

Recognizing downstream clinical conse-
quences or adverse developments.

Prognostic and Disposition
Reasoning

Reasoning about likely clinical outcomes,
discharge planning, and functional prog-
nosis.

Changes in discharge destination, func-
tional status, readmission risk, or mor-
tality trajectory.

Predicting future clinical course or explain-
ing disposition decisions.

Table 5: Definitions of the six clinically grounded reasoning dimensions used in CHRONOCLINQA. Each dimension
operationalizes a distinct type of longitudinal reasoning signal derived from cross-admission clinical changes and
serves as a basis for question generation.
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D Question Planning

Mode Description

Explanatory Why a clinical decision was made; articulating the reasoning process
Comparative Contrasting clinical states or decisions across different time points
Counterfactual What would have occurred under a different clinical decision
Trend Interpretation Clinical significance of a longitudinal change in biomarkers or physiology
Causal Chain Causal relationships between sequential clinical events
Etiological Underlying cause or origin of a clinical condition
Identification Recognizing or detecting a specific clinical finding or complication
Outcome Prediction Likely clinical trajectory given the patient’s course

Table 6: The eight reasoning operations defined for CHRONOCLINQA, ordered by cognitive complexity from
pattern recognition to evaluative judgment.

Dimension Base Mode (e = 1) Expanded Modes (e ≥ 2) Reference

Diagnostic Evolution Explanatory Comparative (Graber et al.,
2005)

Therapeutic Trajectory and
Optimization

Explanatory Comparative; Counterfactual (e ≥ 3) (Spinewine et al.,
2007)

Biomarker and Physiological Trend Trend Interpretation Comparative (Harutyunyan
et al., 2019)

Causal and Etiological Causal Chain Etiological (e ≥ 3) (Hernan and
Robins, 2020)

Complication and Adverse Event
Tracking

Identification Causal Chain (Makary and
Daniel, 2016)

Prognostic and Disposition Outcome Prediction Explanatory (Krumholz, 2013)

Table 7: Per-dimension reasoning operation allocation. The base operation is assigned when evidence is minimal
(e = 1), while expanded modes are enabled as evidence accumulates (e ≥ 2 or e ≥ 3).
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E Error Analysis Examples

Error Type Clinical Scenario Model Prediction Evidence in Notes Ground Truth Observed Failure

Temporal Short-
cut Reasoning

Disposition changed
from home service to
an extended care facility
after a fall-related hospi-
talization.

Disposition change
due to dementia or
psychiatric decline
(Llama-3.1-8B)

Patient developed a left humerus
fracture and bilateral upper-
extremity swelling with reduced
mobility; rehabilitation and
assisted care were recommended.

Functional decline
caused by fracture
and hematoma
required rehabilita-
tion support.

The model overemphasizes
salient prior conditions (e.g.,
dementia) and ignores longitu-
dinal evidence indicating that
acute functional decline drove
the disposition transition.

Over-Reliance
on Salient Clini-
cal Entities

Patient with recurrent
UTIs and suprapubic
catheterization later
developed obstructive
urosepsis. The task
asked for the organism
in an earlier admission.

Proteus mirabilis
(HuatuoGPT-o1-7B,
Qwen2.5-7B)

The clinical notes contain no mi-
crobiology result or urine culture
evidence for the earlier hospitaliza-
tion.

Cannot be deter-
mined from the clin-
ical notes.

The model relies on medical
heuristics (catheter + stones →
Proteus) rather than evidence ex-
plicitly documented in the notes.

Failure to Ab-
stain Under Un-
certainty

Mild ALT elevation oc-
curred while multiple an-
tibiotics were simultane-
ously administered.

Zosyn caused the
ALT elevation
(Llama-3.1-8B)

The notes do not provide tim-
ing, comparative hepatotoxicity ev-
idence, or diagnostic support to at-
tribute causality to one specific an-
tibiotic.

Cannot be deter-
mined from avail-
able clinical infor-
mation.

Instead of abstaining when evi-
dence is insufficient, the model
commits to a specific answer, re-
flecting poor uncertainty calibra-
tion.

Distractor Sus-
ceptibility

Transient transamini-
tis occurred during
infection-related admis-
sions with sepsis-like
physiology.

Antibiotic-induced
liver injury (Llama-
3.1-8B)

Liver enzymes were normal in
prior and later admissions, while
transient elevation appeared only
during acute metabolic instability.

Transient ischemic
hepatitis (shock
liver) secondary to
hypoperfusion/sep-
sis.

The model follows clinically
plausible distractors (infection
+ antibiotics) while ignoring lon-
gitudinal temporal evidence sup-
porting reversible ischemic in-
jury.

Table 8: Representative error cases on CHRONOCLINQA: temporal shortcut reasoning, over-reliance on salient
clinical entities, failure to abstain under uncertainty, and distractor susceptibility.
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F Prompt

Structured Clinical Extraction Prompt

You are a clinical text extraction specialist. Your task is to extract factual items from short
clinical sections.

=== Chief Complaint ===
{chief_complaint}

=== Procedures Performed ===
{procedures}

=== Discharge Diagnosis ===
{discharge_diagnosis}

=== Admission Physical Exam ===
{admission_exam}

=== Discharge Physical Exam ===
{discharge_exam}

Rules:
• Copy information verbatim from the source text.
• Extract discharge diagnoses as separate items and preserve PRIMARY/SECONDARY labels if explicitly
provided.
• Split examination findings according to body-system headers (e.g., HEENT, CARDIAC).
• Store non-diagnostic statements (e.g., expired, passed away) separately.

Respond strictly in JSON format:

{
chief_complaint, procedures, discharge_diagnosis,
admission_exam_findings, discharge_exam_findings
}

Figure 4: Representative prompt for structured extraction from short, fact-dense clinical sections.
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Narrative Clinical Extraction Prompt

You are a clinical text extraction specialist. Your task is to extract structured signals from a
patient’s clinical narrative.

=== History of Present Illness ===
{hpi}

=== Brief Hospital Course ===
{hospital_course}

=== Medications on Admission ===
{meds_admission_raw}

=== Discharge Medications ===
{meds_discharge_raw}

Rules:
• Extract explicitly mentioned clinical problems only.
• Identify medication changes by comparing admission and discharge medications (e.g., ADDED,
STOPPED, DOSE_INCREASED).
• Extract patient actions, symptoms, temporal expressions, and pending items only when explicitly
supported by source text.
• Preserve supporting rationale and evidence as verbatim quotations.

Respond strictly in JSON format:

{
problems, medication_changes, patient_active_actions,
symptoms_reported, time_expressions, pending_at_discharge
}

Figure 5: Representative prompt for narrative clinical extraction from narrative sections.
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Cross-Admission Clinical Change Detection Prompt

You are a clinical longitudinal reasoning specialist. Compare two admissions for the SAME patient
and identify factual changes (deltas) between them.

Admission 1 ({n1_admission} to {n1_discharge}):

{n1_summary}

Admission 2 ({n2_admission} to {n2_discharge}),
{gap_days} days after admission 1 discharge:
{n2_summary}

Six Delta Types (Aligned with Clinical Reasoning Dimensions)

1. D1 Diagnostic Evolution

A diagnosis is established, refined, revised, ruled out, or overturned between admissions.
Includes increasing diagnostic specificity (e.g., infection → Klebsiella pneumonia) and
diagnostic re-evaluation.

2. D2 Therapeutic Trajectory and Optimization

Changes in treatment strategy, medications, or interventions across admissions, including drug
addition/removal, dose adjustment, escalation/de-escalation, and management changes.

3. D3 Biomarker and Physiological Trend Reasoning

Changes in laboratory values, vitals, or imaging findings across admissions. Aggregate related
biomarkers into a single delta (e.g., CBC, renal panel, liver panel, electrolytes). Maximum of 5
biomarker deltas per admission pair.

4. D4 Causal and Etiological Reasoning

Emit only when source text explicitly expresses causal relationships between admissions using
language such as due to, precipitated by, or as a complication of. Do not infer causality from
temporal proximity.

5. D5 Complication and Adverse Event Tracking

A new complication, adverse event, or clinical problem emerges in admission 2 and was absent in
admission 1 (e.g., hospital-acquired infection, organ failure, drug adverse event).

6. D6 Prognostic and Disposition Reasoning

Outcome shifts across admissions, including disposition changes, functional decline, mortality,
or pending workup resolution.

Critical Rules

• If admission 2 explicitly mentions passed away, expired, deceased, or died, you must emit a D6
Prognostic and Disposition Reasoning delta.

• If admission 1 does not mention a clinical state, set from_state = "not documented".

• For D4_CAUSAL_LINK, only emit when causal language explicitly links admission 1 to admission 2.

• Quote or closely paraphrase source text for from_state and to_state.

Respond strictly in JSON format

{
"deltas": [{
"type": "<D1_... | D2_... | D3_... | D4_... | D5_... | D6_...>",
"from_state": "<source or not documented>",
"to_state": "<source or not documented>",
"evidence": "<one-sentence factual description>"
}]
}

Figure 6: Full prompt used for cross-admission clinical change detection.
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Prompt for Canonical Clinical Reasoning Question Generation
You are a clinical doctor designing assessment questions for senior medical residents.

=== PATIENT CASE (relevant excerpts) ===
{notes_text}

=== IDENTIFIED CHANGES ({dim_name}) ===
{changes_text}

Generate exactly {n_questions} canonical clinical reasoning question(s).
Each question MUST require reasoning across MULTIPLE notes/time points.

RECOMMENDED QUESTION TYPES for this dimension
(draw from these as inspiration):
{question_types}

For each question, output:

• clinical_scenario: 2–3 sentence cross-note synthesis capturing the essential clinical trajectory

• core_question: precise open-ended reasoning question

• correct_answer: clinically correct answer with brief explanation

• reasoning_chain: 2–4 reasoning steps

• supporting_deltas: list of delta indices (0-based) supporting this question

• common_errors: 2–3 plausible but incorrect answers reflecting real clinical misconceptions

• question_type: one of {question_types}

Output Format
Respond strictly as a JSON object with a top-level key:
"questions"
containing an array of generated questions.
No markdown code fences.

Figure 7: Representative prompt used in Stage II for canonical question generation.

47855



Prompt for Adversarial Question Generation
Convert to adversarial question.

Clinical scenario:
{scenario}

Core question:
{question}

Correct reasoning:
{reasoning_chain}

Common errors:
{common_errors}

Evidence-based error patterns:
{error_patterns}

DETECTED SIGNAL:
{detected_signal}

You MUST construct a trap matching the detected signal above. Do NOT use a different trap type.

Trap Types
A. TEMPORAL TRAP
The premise subtly assumes that evidence from a single time point is sufficient, when correct reasoning requires integration
across multiple admissions/notes. Embed the error naturally.

B. FALSE CONTINUITY TRAP
The premise subtly assumes that similar findings across time represent the same continuing event, although they are actually
distinct events with different etiologies.

C. COGNITIVE HEURISTIC TRAP (fallback)
Embed a subtle cognitive bias (e.g., anchoring, premature closure, availability bias) in the premise or expected reasoning
path.

CRITICAL RULES
1. The question MUST resemble a normal clinical reasoning question.
2. Do NOT include meta-linguistic phrases such as:
"Identify the error", "Critique the reasoning", or "What is wrong with".
3. The subtle error must be embedded in the premise or expected reasoning path.
4. The correct answer should provide valid clinical reasoning and naturally correct the embedded error.
5. The question should feel like a real clinical assessment rather than a “find-the-mistake” task.

Output JSON
{
"question_text": "...",
"correct_answer": "...",
"explanation": "...",
"trap_type": "Temporal / False_Continuity / Heuristic",

"trap_explanation": "..."
}

No markdown fences.

Figure 8: Representative prompt used to generate adversarial questions in Stage II.

47856



Prompt for MCQ-Unanswerable Generation
Convert to MCQ-Unanswerable.

Clinical scenario:
{scenario}

Core question:
{question}

Correct answer:
{correct_answer}

Common errors:
{common_errors}

Design a clinically reasonable multiple-choice question that cannot be answered from the available scenario because critical
information is missing.
The question should appear answerable at first glance.

Construction Types
TYPE A — Missing Objective Fact
A specific clinical fact is absent from all notes (e.g., lab value, imaging finding, microorganism, dosage, exact timing).

TYPE B — Broken Cross-Note Inference
Answering requires integrating evidence across admissions, but a critical linking component is missing or ambiguous.

CRITICAL RULES
1. Provide exactly 4 options (A/B/C/D).
2. The correct option MUST explicitly indicate insufficient information, e.g.,
"Cannot be determined from the clinical notes" or
"The information in the notes is insufficient".
3. The remaining three options must be clinically plausible but unsupported inferences.
4. Do NOT ask rationale or “why” questions.
5. Do NOT use "All of the above" or "None of the above".
6. The explanation MUST specify:
(i) whether the question is Type A or Type B,
(ii) what information is missing, and
(iii) why the scenario is unanswerable.
7. The question text MUST NOT reveal the answer or explanation.

Output JSON
{
"question_text": "...",
"choices": {"A": "...", "B": "...", "C": "...", "D": "..."},
"correct_answer": "A/B/C/D",
"explanation": "..."
}

No markdown fences.

Figure 9: Representative prompt used to generate unanswerable multiple-choice questions (MCQ-U) in Stage II.
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Open-Ended Question (OEQ) Quality Rubric

1. Answerability (0–3)
Evaluate whether the question can be answered using the available clinical notes.

• 3 = Fully answerable; all necessary evidence explicitly present.
• 2 = Mostly answerable; only minor reasonable inference beyond notes.
• 1 = Partially answerable; substantial inference or assumptions required.
• 0 = Question cannot be answered from the notes; critical information missing.

2. Evidence Consistency (0–3)
Evaluate whether key assertions are supported by note evidence.

• 3 = All key assertions have explicit and direct support in the notes.
• 2 = Most assertions supported; occasional minor inference extends slightly beyond evidence.
• 1 = Some assertions weakly supported or mildly contradictory.
• 0 = Key assertions contradict evidence in the notes.

3. Grounding Fidelity (0–3)
Evaluate whether the answer remains grounded in the clinical notes.

• 3 = Strictly grounded in explicit note evidence; no external knowledge.
• 2 = Largely note-grounded with only minor inference.
• 1 = Introduces some external medical knowledge while retaining a note-based conclusion.
• 0 = Relies substantially on unsupported external knowledge.

4. Reasoning Validity (0–3)
Evaluate the logical correctness of clinical reasoning.

• 3 = Rigorous reasoning demonstrating advanced analytical depth.
• 2 = Logically correct; evidence-to-conclusion steps are valid.
• 1 = Mostly sound but contains logical jumps or unsupported assumptions.
• 0 = Major logical errors or invalid reasoning.

5. Clinical Correctness (0–3)
Evaluate factual medical correctness.

• 3 = Clinically precise, complete, and aligned with best evidence.
• 2 = Clinically correct and consistent with medical consensus.
• 1 = Minor clinical inaccuracies without affecting the core conclusion.
• 0 = Clinically incorrect or misleading.

6. Longitudinal Integration (0–3)
Evaluate whether reasoning integrates temporally distributed evidence.

• 3 = Integrates longitudinal evidence and explains causal mechanisms or clinical significance over time.
• 2 = Correctly integrates multiple time points and tracks clinical changes.
• 1 = Mentions multiple time points without meaningful integration.
• 0 = Relies on a single time point only.

Figure 10: Quality rubric for evaluating open-ended clinical reasoning questions (OEQ).
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Adversarial Question (ADVQ) Quality Rubric

1. Trap Efficacy (0–3)
Evaluate whether the embedded trap effectively misleads inattentive reasoning.

• 3 = Extremely subtle; even experienced clinicians may fall for it (e.g., anchoring or availability bias).
• 2 = Well-designed; most inattentive reasoners would likely be misled.
• 1 = Partially effective but feels artificial or forced.
• 0 = Trap is obvious and easily detectable with minimal attention.

2. Subtlety (0–3)
Evaluate how naturally the embedded error is integrated into the question.

• 3 = Error is effectively invisible without deep analytical reasoning.
• 2 = Naturally embedded and resembles a genuine clinical question.
• 1 = Error is noticeable but partially integrated into the premise.
• 0 = Embedded error is blatant and the question feels artificial.

3. Clinical Reasoning Soundness (0–3)
Evaluate the clinical validity of the correct reasoning and conclusion.

• 3 = Rigorous, precise reasoning reflecting senior-level clinical problem solving.
• 2 = Clinically correct and complete; conclusions well supported by the notes.
• 1 = Mostly sound but includes clinical gaps or unsupported assumptions.
• 0 = Contains clinical reasoning errors or reaches an incorrect conclusion.

4. Cognitive Challenge (0–3)
Evaluate the level of metacognitive monitoring and analytical reasoning required.

• 3 = Requires systematic cross-note analysis and strong metacognitive monitoring.
• 2 = Requires active inhibition of intuitive reasoning and engagement of analytical reasoning.
• 1 = Requires minor attention but remains largely intuitive.
• 0 = Answerable through simple recall without reflective reasoning.

5. Clinical Plausibility (0–3)
Evaluate whether the trap and clinical scenario are realistic.

• 3 = Highly realistic and reflects a documented clinical pitfall.
• 2 = Fully plausible and could realistically occur in practice.
• 1 = Partially plausible but clinically unnatural in some aspects.
• 0 = Clinically implausible or inconsistent with medical facts.

6. Distinguishability (0–3)
Evaluate the ability to distinguish different competence levels.

• 3 = Precisely separates experts from novices, including confident-but-wrong vs cautious-but-correct reasoning.
• 2 = Differentiates intermediate from advanced performers.
• 1 = Distinguishes only obviously inexperienced from moderately experienced reasoners.
• 0 = Fails to distinguish competence differences.

Figure 11: Quality rubric for evaluating adversarial clinical reasoning questions (ADVQ).
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MCQ-Unanswerable (MCQ-U) Quality Rubric

1. Unanswerability Validity (0–3)
Evaluate whether the question is genuinely unanswerable despite appearing answerable.

• 3 = Appears answerable with a plausible inference path but is genuinely unanswerable.
• 2 = Clearly unanswerable; critical information is genuinely absent.
• 1 = Vaguely unanswerable; careful reasoning may partially infer an answer.
• 0 = Actually answerable from the notes (false unanswerable).

2. Distractor Plausibility (0–3)
Evaluate the realism and misleading potential of incorrect options.

• 3 = Incorrect options are highly plausible and reflect realistic clinical inference traps.
• 2 = All incorrect options appear plausible and require careful elimination.
• 1 = Some distractors are plausible but contain noticeable flaws.
• 0 = Distractors are obviously incorrect and easily eliminated.

3. Premature Closure Risk (0–3)
Evaluate the risk of harmful over-claiming under incomplete evidence.

• 3 = Forced answering is dangerous and may cause serious diagnostic error.
• 2 = Forced answering could lead to clinically significant misjudgment.
• 1 = Forced answering may cause only minor deviation in reasoning or management.
• 0 = Information gap is trivial and unlikely to affect decisions.

4. Cognitive Challenge (0–3)
Evaluate the analytical effort required to confirm uncertainty.

• 3 = Requires deep verification that no information source in the notes can answer the question.
• 2 = Requires careful analysis to confirm that critical information is truly missing.
• 1 = Requires limited attention and mainly recognition of absent information.
• 0 = “Cannot be determined” is immediately obvious.

5. Clinical Scenario Realism (0–3)
Evaluate whether uncertainty and missing information reflect authentic clinical practice.

• 3 = Highly realistic and reflects clinically important uncertainty affecting management.
• 2 = Fully realistic; missing information reflects genuine clinical care.
• 1 = Partially realistic but contains clinically unnatural elements.
• 0 = Unrealistic or inconsistent with routine medical practice.

6. Distinguishability (0–3)
Evaluate the ability to separate cautious reasoners from over-confident responders.

• 3 = Precisely distinguishes over-reaching from uncertainty-aware reasoning.
• 2 = Differentiates intermediate and advanced performers, where stronger reasoners appropriately abstain.
• 1 = Distinguishes only obviously overconfident responders.
• 0 = Fails to distinguish competence differences.

Figure 12: Quality rubric for evaluating unanswerable multiple-choice clinical reasoning questions (MCQ-U).
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