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Abstract

Large Language Models (LLMs) are increas-
ingly applied to medicine, yet their adoption is
limited by concerns over reliability and safety.
Existing evaluations either test factual medi-
cal knowledge in isolation or assess patient-
level reasoning without verifying correctness,
leaving a critical gap. We introduce MediEval,
a benchmark that links MIMIC-IV electronic
health records (EHRs) to a unified knowledge
base built from UMLS and other biomedical vo-
cabularies. MediEval generates diverse factual
and counterfactual medical statements within
real patient contexts, enabling systematic evalu-
ation across a 4-quadrant framework that jointly
considers knowledge grounding and contextual
consistency. Using this framework, we identify
critical failure modes, including hallucinated
support and truth inversion, that current propri-
etary, open-source, and domain-specific LLMs
frequently exhibit. To address these risks,
we propose Counterfactual Risk-Aware Fine-
tuning (CoRFu), a DPO-based method with
an asymmetric penalty targeting unsafe con-
fusions. CoRFu improves by +16.4 macro-F1
points over the base model and eliminates truth
inversion errors, demonstrating both higher ac-
curacy and substantially greater safety.

1 Introduction

Large Language Models (LLMs) have demon-
strated remarkable capabilities across diverse do-
mains, with medicine being among the most high-
impact areas of application. In clinical contexts,
LLMs have been explored for tasks such as summa-
rizing electronic health records (EHRs), generat-
ing discharge instructions, providing clinical deci-
sion support, and answering medical questions (Ra-
jpurkar et al., 2022; Singhal et al., 2025; Moor et al.,
2023; Singhal et al., 2023; Pal et al., 2022). Their
appeal lies in the ability to integrate unstructured
text with medical knowledge, potentially reducing
documentation burden and assisting clinicians in
decision-making.

Translating research prototypes into real-world
deployment hinges critically on reliability and
safety. Unlike generic NLP tasks, medical reason-
ing requires not only factual correctness but also
contextual grounding in patient-specific data while
adhering to verified medical knowledge. Errors
in this setting are not mere degradations in per-
formance but risks that can directly translate into
patient harm (Thirunavukarasu et al., 2023; Yang
et al., 2023; Haltaufderheide and Ranisch, 2024).

A critical challenge is that LLMs often fail to
apply medical knowledge consistently within the
heterogeneous and noisy context of patient records
(Zhou et al., 2025b). For example, a model may
state that metformin, a therapy for type 2 diabetes,
is contraindicated in severe renal impairment, yet
fail to apply this knowledge when the condition
appears in a noisy and heterogeneous patient record.
The cause of such errors may be that current models
are trained to recall facts in isolation rather than
to integrate them with diverse patient information.
Such inconsistencies expose a critical gap between
knowing medical facts and using them safely.

Existing evaluation paradigms only partially ad-
dress this gap. Medical data are uniquely challeng-
ing because patient records are heterogeneous with
free-text clinical notes and tabular entries coded in
different systems for diagnoses, procedures, and
medications. Medical knowledge is hierarchical
and ontology-driven (e.g., UMLS, SNOMED CT,
RxNorm), but its large scale, noise, and limited
cross-vocabulary connectivity make consistent rea-
soning difficult. Benchmarks based on EHRs as-
sess the ability to extract or reason over struc-
tured data, but often reduce the task to retrieval
or serialization without verifying medical sound-
ness (Lovon-Melgarejo et al., 2025). In contrast,
knowledge-based evaluations test whether LLMs
can handle logical transformations of medical facts
(Zhou et al., 2025a; Sung et al., 2021), but do not
connect reasoning to real patient contexts. The field
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Figure 1: For each admission, MediEval uses both unstructured discharge summaries and structured EHR tables
(diagnoses, procedures, and medications). First, clinically relevant sections are extracted from the discharge
summary to form the patient context. In parallel, structured medical codes are semantically normalized into UMLS
Concept Unique Identifiers (CUIs), which are then linked in an ontology graph to identify clinically meaningful
relations, including multi-hop connections when needed. Based on these relations, MediEval constructs candidate
statements and evaluates them under a four-quadrant framework defined by factual correctness with respect to
biomedical knowledge (True vs. False) and contextual grounding with respect to the extracted patient context
(Supported vs. Not Supported): Q1 = True—Supported, Q2 = True—Unsupported, Q3 = False—Supported, and Q4 =
False—Unsupported. The resulting benchmark is used to evaluate LLMs and to support Counterfactual Risk-Aware
Fine-tuning (CoRFu). Blue text marks the entities or statements extracted from the real patient example.

thus lacks a unified framework that probes whether
LLMs can (i) remain faithful to medical knowledge
and (ii) apply it consistently to individual patient
records.

In this paper, we address this gap with MediEval
(Figure 1), a benchmark and evaluation framework
that links real patient records (MIMIC-IV) (John-
son et al., 2023) with a unified biomedical knowl-
edge base built from UMLS (Bodenreider, 2004),
SNOMED CT (Donnelly et al., 2006), and RxNorm
(Liu et al., 2005; Nelson et al., 2011). To ensure rig-
orous construction, MediEval constructs evaluation
statements by applying graph-guided substitutions
and recombinations within biomedical ontologies,
with plausibility checks to ensure that true cases
remain clinically valid while false ones are realis-
tic and challenging. These statements are embed-
ded in real patient contexts, enabling evaluation
of quadrant-level reasoning, defined as True/False
with respect to medical knowledge and Support-
ed/Unsupported with respect to the patient record.
To capture safety-critical errors, we introduce two
new metrics: Hallucinated Support Rate (HSR)
and Truth Inversion Rate (TIR). We then conduct

a comprehensive evaluation of proprietary, open-
source (general-purpose), and biomedical LLMs
under this unified protocol, revealing consistent
weaknesses across quadrants.

To mitigate the identified risks, we intro-
duce Counterfactual Risk-Aware Fine-tuning
(CoRFu), a DPO-based method that uses quadrant-
structured preference pairs and an asymmetric
penalty to push models to prefer “True+Supported”
responses over safety-critical confusions (e.g.,
“False+Supported”). This risk-aware, counterfac-
tual approach targets precisely the failure modes
that conventional preference optimization over-
looks. Our code is publicly available!. Our key
contributions are:

* MediEval Benchmark. A unified benchmark
linking EHRs with biomedical ontologies to
test both factual grounding and patient consis-
tency, with novel safety evaluation metrics.

* Comprehensive Evaluation. Cross-model
evaluation of proprietary, open-source, and

Uhttps://github.com/ZhanQu945/MediEval
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biomedical LLMs under identical settings, re-
vealing systematic quadrant-level weaknesses
and safety-critical error patterns.

* Counterfactual Risk-Aware Fine-Tuning
(CoRFu). A risk-aware extension of DPO
with asymmetric penalties and a quadrant-
aware approach that reduces safety-critical
errors in medical reasoning tasks.

2 Related Work

A growing body of work investigates whether
LLMs can handle complex information in EHRs.
One study focused on data serialization and re-
trieval, with performance sensitive to prompt de-
sign and feature selection (Lovén-Melgarejo et al.,
2025). Another work has explored long-context
modeling, showing some architectures can pro-
cess entire patient timelines with >10k events and
achieve greater robustness to irregular temporal
patterns (Wornow et al., 2025). Additional ap-
proaches integrate structured and unstructured data,
for instance, by using small auxiliary models as
“knowledge triggers” to support tabular prediction
(Yan et al., 2025) or by designing code-aware rep-
resentations that capture semantic and temporal
structure in diagnosis prediction (Tan et al., 2025).
More recent work has explored longitudinal clini-
cal reasoning through structure-aware retrieval and
geometric representations of patient trajectories,
enabling more clinically consistent next-event fore-
casting (Qu and Férber, 2026a). Related efforts
model evolving patient care as a continuous tem-
poral reasoning problem, using structured mem-
ory and agentic context management to support
long-horizon inference over streaming EHRs (Qu
and Firber, 2026b). These studies demonstrate
progress in surfacing and encoding patient infor-
mation, but whether model outputs are consistent
with established clinical knowledge remains under-
explored.

Another line of research investigates the relia-
bility of the medical knowledge encoded in LLMs.
Dynamic probing methods show that models often
achieve low joint accuracy when facts are rephrased
(Zhou et al., 2025a), while multifaceted evaluations
reveal brittle performance on tasks requiring com-
parison, verification, or rectification (Zhou et al.,
2024). Broader studies also report steep declines
when moving from factual recall to scenario-based
reasoning as cognitive complexity increases (Zhou
et al., 2025b). However, even when scenarios are

considered, these evaluations do not disentangle
whether errors arise from factual misunderstanding,
failures of contextual grounding, or both.

Several approaches have sought to improve the
factual reliability of LLMs by grounding them in
structured biomedical knowledge. These include
triplet generation with knowledge graph verifica-
tion (Su et al., 2025), alignment with biomedical
knowledge graph embeddings (Sakhovskiy and Tu-
tubalina, 2025), and graph-based retrieval augmen-
tation for medical question-answering (Wu et al.,
2025). Scholars have also critiqued the evaluation
paradigms: some argue that multiple-choice ques-
tions reward shallow pattern recognition rather than
genuine medical knowledge (Griot et al., 2025),
while others stress that medical benchmarks must
prioritize construct validity to remain clinically
meaningful (Alaa et al., 2025). Automatic eval-
uation frameworks, such as AutoMedEval (Zhang
et al., 2025), further highlight the need for scalable
yet reliable assessment pipelines.

3 Methodology

3.1 MediEval Framework: Data Construction

MediEval is a benchmark constructed from the
MIMIC-IV database (Medical Information Mart
for Intensive Care IV) (Johnson et al., 2023) in
combination with biomedical ontologies such as
UMLS (Bodenreider, 2004). It is designed to eval-
uate whether large language models (LLMs) can
perform clinical inference by verifying whether
medical statements are factually correct and prop-
erly grounded in patient records. MediEval inte-
grates structured EHR tables, unstructured clinical
notes, and ontology-derived knowledge into a uni-
fied dataset of context—statement pairs annotated
with correctness and support labels (see Figure 1).

Electronic Health Records (EHRs) as Founda-
tion. MIMIC-IV is a large-scale publicly avail-
able collection of de-identified electronic health
records (EHR) comprising 546,028 hospital admis-
sions for 223,452 unique individuals. Two modali-
ties are utilized: (i) structured tabular data (lists of
diagnoses, procedures, and medications recorded
with ICD-CM, ICD-PCS, and NDC codes), and (ii)
unstructured discharge summaries, which typically
contain about 22 sections such as Brief Hospital
Course, History of Present lllness, Major Surgical
or Invasive Procedures, and Discharge Diagnoses.

For each admission a, we define the structured
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event set and the discharge summary section set as

So={ 20, e zmed) (1)
DS, = {s,(ll), s((f), cel s((lma) }. 2)

Here Zidaiag, Z;’;OC, and Z};‘fd denote the lists of
diagnosis, procedure, and medication codes for
admission a, containing i,, j,, and k, elements
respectively, while DS, represents the set of m,
segmented sections from the discharge summary.
See Figure 1 for a real sample from MIMIC-IV.

Step 1: Context Extraction. Discharge sum-
maries are divided into multiple sections, not all
of which are equally informative. For MediEval,
we define the evaluation context C, C DS, as
the subset of discharge summary sections that best
capture patient trajectory and clinical decision-
making. In practice, we select sections covering
diagnoses, procedures, treatments, medical history,
and hospital course, as these jointly provide the
most comprehensive evidence. Importantly, the
reasoning that connects these entities is not explic-
itly structured but embedded in free-text narratives,
requiring models to infer relations such as diagno-
sis—medication from natural language.

Step 2: Semantic Normalization of Medical
Codes. Electronic health records employ hetero-
geneous coding systems: diagnoses and procedures
in MIMIC-1V are stored using ICD-9/10, while
medications are represented with National Drug
Codes (NDC). To reason across modalities, these
codes must be projected into a unified semantic
space. We achieve this by leveraging the Uni-
fied Medical Language System (UMLS) (Boden-
reider, 2004), which integrates over 60 families
of biomedical vocabularies and provides explicit
mappings between them. Specifically, ICD codes
are aligned with SNOMED CT concepts, NDC
codes are aligned with RxNorm drug identifiers,
and all are normalized into Concept Unique Identi-
fiers (CUISs) that serve as universal nodes for cross-
system integration. Formally,

f:2—=CUl(z), Uy, ={f(2) | z€ Sa}. (3

Here, z denotes a raw code that is being mapped
to a CUI(z), and U, is the set of normalized CUIs
for admission a. This normalization ensures that
diagnoses, procedures, and medications from dif-
ferent coding systems can be compared, linked, and
reasoned over in a unified space.

Step 3: Ontology Graph Construction and Rela-
tion Extraction. From the normalized concepts
across the cohort, we construct a semantic graph
G = (V, E), where V are CUIs and FE are relations
drawn from the UMLS Metathesaurus, including
treated_by, has_associated_procedure, and is_a
etc. A dictionary mapping synonyms and abbrevi-
ations to CUIs supports robust entity matching in
text. Many clinically valid associations are not en-
coded as direct links but instead mediated through
intermediate nodes such as therapeutic classes,
anatomical structures, or related conditions. To
capture these, we allow multi-hop traversal in G,
limited to paths of length at most three in order to
preserve clinical plausibility.

Formally, for concepts h,t € V, let d(h,t) be
their hop distance; we define their relations as

R(h,t) ={r| (h,rt) € G, d(h,t) <3} (4)

Direct relations. The semantic graph captures
clinically meaningful associations as single-edge
links. For instance, it encodes that the antihyper-
tensive drug Lisinopril (CUI C0023861) is linked
to the condition Hypertension (CUI C0020538)
through a treated_by relation. Similarly, it rep-
resents that the procedure Coronary Angioplasty
(CUI C0001979) is associated with the diagnosis
Coronary Artery Disease (CUI C0010054) via a
has_associated_procedure relation.

Multi-hop inference. Not all clinically valid rela-
tions are encoded as direct edges between specific
entities in UMLS. For example, many drug—disease
links are only represented at the therapeutic class
level rather than for individual drugs. As a result,
the relation between Lisinopril and Hypertension
may absent as a direct edge. Instead, the graph
encodes that Lisinopril (CUI C0023861) belongs
to the class Angiotensin-Converting Enzyme In-
hibitors (CUI C0003028) via an is_a relation, and
that this class as a whole is linked to Hypertensive
disease (CUI C0020538) via a treats relation:

treats

(C0023861) LEN (C0003028) —— (C0020538).

By traversing this two-hop path, the system can
infer the treatment relation that is missing at the
leaf level. Such multi-hop reasoning is essential
for capturing clinically valid associations that are
indirectly encoded in UMLS.

In summary, U, provides the admission-specific
set of normalized concepts, while G encodes both
direct and inferred relations among these concepts.
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Together they form the foundation for structured
fact extraction in MediEval.

Step 4: Quadrant-based Statement Construc-
tion. For each fact (h,r,t), we generate a set of
samples covering the four MediEval quadrants:

Va(h,r,t) = {y@h,y92 y93 494 (5)

Quadrants are defined by the cross of factual cor-
rectness (true vs. false) and contextual grounding
(supported vs. unsupported), as summarized in Fig-
ure 1. This design ensures that evaluation covers
both straightforward comprehension and more sub-
tle failure modes such as plausible contradictions,
relational mismatch, and erroneous information.

The quadrants are constructed as follows. Q1
(True—Supported, Supported Fact) represents the
baseline case: a correct fact directly attested in the
patient context C,. Q2 (True—Unsupported, Plau-
sible Contradiction) is generated by replacing an
entity with a closely related alternative from the
ontology graph G (e.g., another entity sharing the
same parent concept) that is absent from C,, yield-
ing a statement that is medically correct in general
but unsupported for this patient (see Figure 2 for an
example). O3 (False—Supported, Relational Mis-
match) recombines entities from distinct true facts,
creating a false relation even though all entities
appear in C,, thereby testing whether a model can
resist misleading but superficially plausible associa-
tions. Finally, Q4 (False-Unsupported, Erroneous
Information) introduces a semantically distant dis-
tractor entity from (7, producing a statement that is
both false and unsupported.

This procedure requires ontology-guided sub-
stitutions, recombinations, and plausibility checks
to guarantee that true statements remain clinically
valid while false ones are both plausible and chal-
lenging. The resulting dataset integrates curated
narrative context, ontology-based code normaliza-
tion, and graph reasoning into a unified framework
for rigorous evaluation of factual reliability and
context adherence. See Figure 2 and Appendix A
for real samples of each quadrant.

3.2 MediEval Framework: LLM Evaluation

Quadrant Formulation as a Four-Way NLI Task.
Given a patient context ¢ and a candidate medical
statement ¥, the evaluation task is to assign y to one
of four quadrants ¢ € {Q1, @2, Q3,Q4}. This for-
mulation extends natural language inference (NLI)
into a clinically grounded setting: rather than only

Context:

History of Present lliness:
... patient with metastatic NSCLC to bone, admitted after Hct 23 with dizziness
and fatigue. Reports poor sleep, anxiety about prognosis ...

Past Medical History:
... Hypertension, osteoporosis, GERD, tobacco dependence ...

Brief Hospital Course:

... Anemia: transfused 2 units PRBC — Hct improved. ... Pain: continued home
oxycontin and oxycodone PRN. ... Anxiety: continued ativan 0.5 mg PRN. ...
GERD: continued omeprazole (PPI). ... HTN: continued atenolol 25 mg ...

Discharge Medications:

... Omeprazole 20 mg daily

... Oxycodone ER 60 mg q12h

... Oxycodone 5 mg g6h PRN

... Lorazepam 0.5 mg q4h PRN

... Atenolol 25 mg daily

... Sucralfate 1 g QID ...

Discharge Diagnoses:

... Metastatic NSCLC, anemia, hypertension, osteoporosis, GERD ...

Statement:

Gastroesophageal reflux disease may be treated by aluminum hydroxide,
which is a type of Antacids

Label:
Q2 True-Unsupported

Figure 2: Example of statement verification against
patient records (Quadrant 2: True-Unsupported). The
statement is medically correct, yet in this case, GERD is
treated with omeprazole, a different class of medication,
so the statement is not supported by the context.

judging whether a statement is correct, the model
must also decide whether it is grounded in the pa-
tient record. By framing correctness and support
jointly in a 2x2 structure, MediEval captures safety-
critical confusions that cannot be identified when
these dimensions are assessed separately. Although
motivated by medicine, this setup provides a gen-
eral template for domains where factual validity
and contextual grounding are both essential. To
ensure a fair comparison, all non-proprietary mod-
els are fine-tuned under an identical supervised
setup with LoRA adapters and a classification head
on the four quadrants, ensuring that differences in
performance reflect model capabilities rather than
variations in training.

Baseline Metrics. We evaluate models on a test
set Diest = { (¢4, ¥i, ¢i) } with gold quadrant labels
q; and predictions ¢;. Overall accuracy is defined

as
1

Da] 2

Accuracy = 1(¢; = ). (6)

In addition, we report macro-averaged Precision,
Recall, and F1 across quadrants, together with per-
quadrant F1:

= brec(0,) F Ree(0)’ I~ 1,...,4.

(N

These metrics capture overall discrimination
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ability and expose potential biases, such as over-
predicting “supported” statements.

Critical Error Rates. Beyond global perfor-
mance, clinical safety requires avoiding specific
misclassifications. A model may state a correct
medical fact but wrongly claim it is supported by
the patient record, or elevate an incorrect statement
to seemingly valid evidence. To capture these en-
tangled risks, we introduce two error rates:

Hallucinated Support Rate (HSR). The fraction
of true but unsupported statements (Q2) misclassi-
fied as true and supported (Q1):

2 lg=Q210 ¢ = Q1)
R = = T = Q)

A high HSR indicates that the model hallucinates
evidence, presenting correct medical knowledge as
if it were grounded in the record.

Truth Inversion Rate (TIR). The proportion of
false but superficially supported statements (Q3)
misclassified as true and supported (Q1):

>illgi = Q3N G = Q1)
> lgi = Q3)
A high TIR indicates that the model elevates incor-

rect or unsafe claims to seemingly valid evidence,
a critical failure mode in clinical contexts.

®)

TIR = ©))

Interpretation of Metrics. These metrics disen-
tangle complementary aspects of model behavior:
Overall accuracy and macro-F1 capture balanced
classification performance. Per-quadrant F1 identi-
fies systematic weaknesses (e.g., under-recognition
of unsupported truths). HSR and TIR directly target
the most safety-critical confusions between quad-
rants: hallucinating support and inverting truth.

3.3 Counterfactual Risk-Aware Fine-Tuning

Large language models are typically fine-tuned in
two broad ways. The most direct approach is super-
vised fine-tuning (SFT), where the model is trained
to predict gold-standard labels with a cross-entropy
loss. While simple and effective, SFT treats each
label independently. In contrast, preference-based
optimization exploits comparisons between a pre-
ferred and a dispreferred output. A prominent ex-
ample is Direct Preference Optimization (DPO),
which updates the model to increase the relative
likelihood of preferred responses while staying
close to a reference model (Rafailov et al., 2023).
Building on these foundations and the supervised
fine-tuning results established in our evaluation

task, we propose CoRFu (Counterfactual Risk-
aware Fine-tuning), a contrastive fine-tuning strat-
egy tailored to the clinical safety challenges re-
vealed by MediEval. Training proceeds on pref-
erence triplets (c, Y, 1), where c is the clinical
context, ¥, is a factually supported statement, and
1 1s a statement drawn from the counterfactual
quadrants of MediEval. The key innovation is the
CoRFu loss function, which augments the stan-
dard DPO objective with an asymmetric penalty
that more severely punishes safety-critical errors.
Let S denote the DPO preference margin:

. _ o (yw‘c) Wref(yllc)
‘S(C’yu”z”)'_'Blog[ﬂ}a(quC)ﬂp(yHC)}

(10)

and define the CoRFu loss as:

LCoRFu = —E[IOgU(S)] + A E[H(S <0)- 52].
(11)

The first term is the standard DPO objective,
which encourages the model 7y to prefer y,, over y;
relative to a reference policy 7. The second term
introduces an asymmetric penalty that activates
only when the model ranks ¥; above y,, (S < 0).
Scaling this penalty quadratically in .S dispropor-
tionately punishes high-confidence mistakes, align-
ing optimization pressure with clinical safety by
discouraging unsafe misinterpretations of evidence.

4 Experimental Setup

4.1 Dataset

The final MediEval dataset is derived from MIMIC-
IV v3.1 and consists of 2,015 unique hospital ad-
missions, linked to 8,350 medical statements and
yielding 37,144 samples (see Appendix B for distri-
bution of relation types). The context length varies
from 340 to 2,827 tokens. To prevent data leak-
age across splits, we retain only one admission per
patient, since each patient may have multiple hos-
pitalizations. The dataset is partitioned into train-
ing, validation, and test sets in an 80/10/10 ratio,
balanced across the four quadrants. To ensure cor-
rectness, 200 test samples were randomly selected
for human evaluation (details in Appendix C).

4.2 Large Language Models and Baselines

To enable systematic comparison across model
sizes and training regimes, we selected 15 LLMs
spanning proprietary, open-source, and biomedi-
cal domain-specific families. These include GPT
(OpenAl) (OpenAl et al., 2024), LLaMA (Meta)
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(Grattafiori et al., 2024), Mistral (Mistral Al)
(Jiang et al., 2024), Qwen (Alibaba) (Yang et al.,
2025), and the biomedical models Meditron (Chen
et al., 2023), Med42 (Christophe et al., 2024), and
ClinicalCamel (Toma et al., 2023). For implement-
ing CoRFu, we used the Llama-3.1-8B-Instruct
and Qwen3-8B models, with direct preference op-
timization (DPO) serving as a baseline.

4.3 Training Setups and Evaluation Metrics

LLM evaluation with supervised fine-tuning.
All non-proprietary models are fine-tuned under
an identical supervised setup to ensure compara-
bility. Each model is equipped with a sequence
classification head and trained on the four Me-
diEval quadrants using weighted cross-entropy loss.
LoRA adapters are applied for parameter-efficient
fine-tuning, with uniform hyperparameters across
models (batch size, learning rate, and number of
epochs). Proprietary models are evaluated in their
base zero-shot generative form without fine-tuning,
and their results are shown in Appendix E.

Evaluation of CoRFu. We construct preference
pairs where Q1 (supported truth) is always the pre-
ferred class. We explore three regimes:

» Pairwise: contrast Q1 with a specific error
type (Q2, Q3, or Q4).

* Mixed: contrast Q1 against a pooled set of
Q2/3/4 in a single stage.

* Curriculum: train sequentially on Q1 vs. Q2,
then Q1 vs. Q3, and finally Q1 vs. Q4, reusing
the updated model at each stage.

The mixed setup exposes the model to diverse error
types simultaneously, while the curriculum regime
introduces them in stages of increasing difficulty,
reducing interference from heterogeneous signals.
By encoding MediEval’s safety perspective directly
into both the loss and the training setups, CoRFu
aligns model fine-tuning not only with preference
correctness but also with clinical reasoning.

Evaluation Metrics. Performance is measured
by accuracy, macro-precision, macro-recall, macro-
F1, and per-quadrant F1. Furthermore, critical error
rates are quantified by the hallucinated support rate
(HSR) and the truth inversion rate (TIR), for which
lower values indicate better safety.

5 Results and Discussion

5.1 MediEval Benchmarking Results

Overall Performance. Table 1 reports macro
metrics (accuracy, precision, recall, F1) and safety
scores (HSR, TIR) on MediEval. Overall per-
formance is limited given the clinical reason-
ing requirements, with accuracies ranging from
59.3% to 73.9% and macro F1 from 50.3% to
70.7% across base models. The strongest model
1s Llama-3.3-70B-Instruct, which achieves the
highest overall results in accuracy (73.9%), pre-
cision (73.3%), recall (73.2%), and F1 (70.7%).
Among smaller models, L1ama-3.1-8B-Instruct
is competitive, reaching 61.5% macro F1. Al-
though pretrained on clinical corpora, biomedical
LLMs do not dominate. These results suggest that
lexical familiarity and domain exposure alone are
insufficient; fine-grained reasoning to disentangle
factual correctness from contextual grounding re-
quires explicit supervision.

Per-Quadrant Performance. Performance is un-
even across the four quadrants, but consistent with
their expected difficulty. Q1 (Supported Fact) is
easiest (best 86.7 by L1ama-3.3-70B), consistent
with models’ strength on recognized truthful pat-
terns in-context. Q2 (Plausible Contradiction) is
harder, with the best model below 70%, showing
that LLMs often treat true but irrelevant statements
as supported. Q3 (Relational Mismatch) stresses
relation-level reasoning; the best score reaches only
69.3, showing limited resistance to superficially co-
herent recombinations. Domain-specific models ex-
cel on Q4 (Erroneous Information) (74.9 to 76.4%),
likely because clinical pretraining gives them
stronger priors for rejecting clearly false medical
statements, though their broader reasoning across
quadrants remains limited. Notably, even within
a single model (e.g., L1ama-3.1-8B-Instruct),
performance varies sharply across quadrants, show-
ing that strength in one type of reasoning does
not transfer to others. This unevenness highlights
persistent weaknesses in how models combine fac-
tuality with patient grounding.

Safety-Critical Errors. Safety-critical metrics
expose risks not captured by aggregate FI.
Mixtral-8x7B consistently achieves the lowest er-
ror rates, with HSR (Q2—Q1) of 20.5% and TIR
(Q3—Q1) of 15.3%, whereas Llama-3.2-3B ex-
hibits the highest risk on both metrics (HSR 40.9%,
TIR 31.6%). This indicates that Mixtral is the
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Table 1: MediEval benchmarking results (best results underlined) and CoRFu results (best results in bold).

Overall Performance

Per-Quadrant F1-Scores

Critical Error Rates

Type Model Acc. Prec. Rec. F1 F1_Q1 F1.Q2 F1_.Q3 F1_.Q4 HSR TIR
Open-source Llama-3.1-8B-Instruct 67.8 664 668 615 83.6 64.0 38.2 60.0 28.2 21.1
(with SFT) Llama-3.2-1B-Instruct 64.1 576 643 503 809 0.0 68.1 522 273 15.8
Llama-3.2-3B-Instruct 64.1 61.8 638 616 77.1 53.8 44.8 70.9 40.9 31.6
Llama-3.3-70B-Instruct 739 733 732 707 867 700 659 600 212 21.1
Mixtral-8x7B-Instruct-v0.1 654 69.6 66.0 63.8 514 68.3 69.3 66.4  20.5 153
Mistral-7B-Instruct-v0.3 60.5 61.0 60.7 59.7 678 55.6 46.2 69.2 29.1 26.3
Vicuna-13B-v1.5 593 593 592 593 626 56.1 66.8 51.6 22.7 15.5
Qwen3-4B 61.7 613 617 614 717 49.0 63.3 61.6 31.8 26.3
Qwen3-8B 637 644 637 599 70.0 58.6 50.0 60.8 28.2 31.1
Qwen3-32B 629 646 638 62.1 72.9 62.6 514 61.3 28.2 21.1
Domain-specific Meditron-70B 644 623 652 680 662 64.3 66.7 74.9 24.8 26.3
(with SFT) Med42-70B 656 633 653 628 588 55.8 58.5 76.4 239 25.6
ClinicalCamel-70B 62.0 61.7 626 620 554 54.3 63.3 75.0 24.8 25.6
Llama-3.1-8B-Ins.  + DPO (Q1 vs. Q2) 65.6 59.7 642 595 535 55.1 56.7 72.7 32.7 279
+ CoRFu (Q1 vs. Q2) 768 712 770 719 732 76.6 78.9 79.9 18.2 0.0
+ CoRFu (Q1 vs. Q3) 7277 668 742 729 84.2 69.1 71.1 67.1 20.1 11.5
+ CoRFu (Q1 vs. Q4) 645 747 63.6 69.0 70.6 67.4 70.0 68.1 19.9 17.7
+ CoRFu (Q1 vs. mix) 69.1 702 699 696 67.7 68.6 72.1 71.7 23.1 12.9
+ CoRFu (Curriculum) 645 750 63.6 706 70.6 70.5 72.3 68.8 19.1 35
Qwen3-8B + DPO (Q1 vs. Q2) 51.0 51.6 509 >5l1.1 51.2 49.1 56.7 47.4 227 44
+ CoRFu (Q1 vs. Q2) 70.7 715 711 710  65.1 66.7 78.0 74.3 21.8 0.0
+ CoRFu (Q1 vs. Q3) 61.1 520 599 530 529 55.3 49.3 54.4 223 8.3
+ CoRFu (Q1 vs. Q4) 60.3 552 59.6 507 543 50.1 51.3 46.7 18.9 7.6
+ CoRFu (Q1 vs. mix) 593 60.7 603 593 533 52.4 68.9 62.7 19.3 13.3
+ CoRFu (Curriculum) 482 46.0 48.1 477 408 453 41.1 49.2 17.3 14.5
safest model with respect to HSR/TIR, even though ~ Per-Quadrant Improvements. CoRFu lifts per-

it does not attain the highest macro F1. In con-
trast, L1ama-3.3-70B achieves the best macro F1
(70.7%) yet fails to minimize HSR/TIR (21.2/21.1),
demonstrating that higher accuracy does not neces-
sarily translate into safer clinical reasoning. Over-
all, the divergence between F1 and safety metrics
shows that models can perform well on average
while still making risky errors.

5.2 CoRFu Evaluation Results

Overall Effects. Across both backbones, CoRFu
outperforms the base SFT and DPO models, but the
strongest gains concentrate in a single pairing. On
Llama-3.1-8B-Instruct, Q1 vs. Q2 achieves the
best results at 76.8% accuracy and 77.9% macro
F1 (+16.4 F1 over SFT), while other variants are
lower (e.g., Q1 vs. Q3 at 72.9% F1, Q1 vs. mix
at 69.6%, curriculum at 70.6%). For Qwen3-8B,
the pattern is sharper: only Q1 vs. Q2 yields a
substantial aggregate improvement (70.7% Acc,
71.0% F1; +11.1 F1 over base), whereas Q1 vs. Q3,
Q1 vs. Q4, and curriculum underperform on macro
metrics. This shows that contrasting supported
with unsupported truths provides the most reliable
signal for improving overall reasoning, while other
pairings mainly target specific weaknesses.

quadrant F1 scores, but the biggest gains come
from targeted pairings rather than curriculum. With
the Llama-3.1-8B-Instruct backbone, Q1 vs.
Q2 achieves the best balance across quadrants
(Q1/Q2/Q3/Q4 = 73.2/76.6/78.9/79.9), improving
both factual grounding (Q2) and overall accuracy.
Targeted objectives produce predictable effects:
training on (Q1 vs. Q2) substantially boosts Q2 F1
(+12.6 over base), while (Q1 vs. Q3) increases Q3
F1. These results show that targeted pairings not
only correct specific weaknesses but also provide
complementary improvements across quadrants.

Safety-Critical Reductions. Improvements in
accuracy do not automatically translate into safety,
but CoRFu reduces both HSR and TIR compared to
SFT and DPO. On Llama-3.1-8B, the (Q1 vs. Q2)
run achieves the lowest HSR at 18.2% and elimi-
nates TIR entirely. On Qwen-8B, curriculum yields
the lowest HSR at 17.3%, while (Q1 vs. Q2) again
minimizes TIR to 0.0. These results show that dif-
ferent contrastive objectives selectively mitigate
different risks, confirming that aggregate accuracy
and safety-critical errors must be disentangled and
addressed with tailored supervision.

Ablation Study. We conducted an ablation study
for the value of \. When A\ = 0, the method re-
duces to vanilla DPO, with performance reported in
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Table 1. Values between 0.5 and 1.0 yield the best
macro-F1 while significantly lowering HSR and
TIR. For A > 1.0, over-penalization occurs, lead-
ing to a decrease in macro-F1 and an increase in
error rates. See Appendix F & G for more analyses.

Overall Insight. Taken together, the results show
that contrastive objectives shape model behavior in
complementary ways. Q1-Q2 training provides the
strongest overall gains, improving accuracy, macro
F1, and grounding while driving HSR to its lowest
levels. Q1-Q3 supervision instead strengthens sup-
ported reasoning and sharply lowers TIR, though
with smaller aggregate benefits. Curriculum is less
competitive on headline metrics but can reduce
HSR further for some backbones. Overall, these
results demonstrate that contrastive fine-tuning can
be directed to improve specific weaknesses, and
that MediEval makes such effects visible by disen-
tangling accuracy from safety-critical errors.

6 Conclusion

We introduced MediEval, a benchmark that jointly
evaluates factual verification and patient-contextual
reasoning by linking biomedical ontologies with
real-world patient records. Our results show that
current LLMs struggle with quadrant-level reason-
ing and make safety-critical errors not reflected in
aggregate accuracy. To mitigate these risks, we pro-
posed Counterfactual Risk-Aware Fine-tuning
(CoRFu), which reduces unsafe misclassifications
through asymmetric preference optimization.

For future work, MediEval could be extended
to other clinical tasks such as question answer-
ing, adapted to safety-critical domains beyond
medicine, and integrated with methods such as
retrieval-augmented generation or models designed
for temporal patient reasoning. We hope this work
provides a foundation for more rigorous and risk-
aware evaluation of LLMs.

Limitations

Dataset size and coverage. MediEval is con-
structed from approximately 2k admissions in
MIMIC-1V, yielding around 37k statements. This
scale reflects a deliberate design choice to prior-
itize clinical plausibility, careful quality control,
and strict prevention of patient-level information
leakage, which are particularly important in safety-
critical medical evaluation. The dataset construc-
tion pipeline is fully automated and released with
the codebase, making MediEval readily extensible

to larger cohorts, additional institutions, or alterna-
tive clinical subsets as future work.

Annotation and validation. A subset of the
test set was independently reviewed by medically
trained annotators, with GPT-5 used as an auxiliary
reference to inspect disagreements. High agree-
ment suggests that the ontology-grounded construc-
tion leads to largely unambiguous labels. While
broader expert validation could further strengthen
confidence, the reliance on structured biomedical
knowledge and deterministic generation reduces
subjectivity compared to fully manual annotation.

Data and ontology noise. As with any bench-
mark grounded in real-world clinical data and large
biomedical ontologies, MediEval inherits noise
and inconsistencies from MIMIC-IV and resources
such as UMLS, SNOMED CT, and RxNorm. We
mitigate these effects through ontology-guided
plausibility checks, constrained multi-hop traversal,
and explicit grounding in patient context. Further
advances in ontology curation and clinical data
quality are likely to directly benefit benchmarks
such as MediEval.
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Appendices
A Real Samples for Each Quadrant

This appendix provides representative examples of
MediEval samples from each of the four quadrants
(see Figure 2 for Q2). Each example consists of
a patient context extracted from a real MIMIC-1V
discharge summary, a constructed medical state-
ment, and its corresponding quadrant label.

Context:

History of Present lliness:
... patient with metastatic NSCLC to bone, admitted after Hct 23 with dizziness
and fatigue. Reports poor sleep, anxiety about prognosis ...

Past Medical History:
... Hypertension, osteoporosis, GERD, tobacco dependence ...

Brief Hospital Course:

... Anemia: transfused 2 units PRBC — Hct improved. ... Pain: continued home
oxycontin and oxycodone PRN. ... Anxiety: continued ativan 0.5 mg PRN. ...
GERD: continued omeprazole (PPI). ... HTN: continued atenolol 25 mg ...

Discharge Medications:

... Omeprazole 20 mg daily

... Oxycodone ER 60 mg q12h
... Oxycodone 5 mg g6h PRN
... Lorazepam 0.5 mg gq4h PRN
... Atenolol 25 mg dally

.. Sucralfate 1 g QID ..

Dlscharge Dlagnoses
. Metastatic NSCLC, anemia, hypertension, osteoporosis, GERD ...

Statement:

Gastroesophageal reflux disease may be treated by Omeprazole, which is a
type of Proton Pump Inhibitor

Label:
Q1 True-Supported

Figure 3: Example of statement verification against pa-
tient records (Quadrant 1: True-Supported). The state-
ment is medically correct, and GERD is indeed treated
with omeprazole, making it true and supported.

Context:

History of Present lliness:
... patient with metastatic NSCLC to bone, admitted after Hct 23 with dizziness
and fatigue. Reports poor sleep, anxiety about prognosis ...

Past Medical History:
... Hypertension, osteoporosis, GERD, tobacco dependence ...

Brief Hospital Course:

... Anemia: transfused 2 units PRBC — Hct improved. ... Pain: continued home
oxycontin and oxycodone PRN. ... Anxiety: continued ativan 0.5 mg PRN. ...
GERD: continued omeprazole (PPI). ... HTN: continued atenolol 25 mg ...

Dlscharge Medications:

.. Omeprazole 20 mg daily

... Oxycodone ER 60 mg q12h
Oxycodone 5 mg qg6h PRN
Lorazepam 0.5 mg g4h PRN
... Atenolol 25 mg dally

.. Sucralfate 1 g QID ..

Dlscharge Diagnoses:
. Metastatic NSCLC, anemia, hypertension, osteoporosis, GERD ...

Statement:
Gastroesophageal reflux disease may be treated by Atenolol

Label:
Q3 False-Supported

Figure 4: Example of statement verification against
patient records (Quadrant 3: False-Supported). The
crafted statement is medically incorrect, as Atenolol
is indicated for hypertension. Since both GERD and
Atenolol appear in the patient context, the statement
may seem supported, even though it is false.

Context:

History of Present lliness:
... patient with metastatic NSCLC to bone, admitted after Hct 23 with dizziness
and fatigue. Reports poor sleep, anxiety about prognosis ...

Past Medical History:
... Hypertension, osteoporosis, GERD, tobacco dependence ...

Brief Hospital Course:

... Anemia: transfused 2 units PRBC — Hct improved. ... Pain: continued home
oxycontin and oxycodone PRN. ... Anxiety: continued ativan 0.5 mg PRN. ...
GERD: continued omeprazole (PPI). ... HTN: continued atenolol 25 mg ...

Discharge Medications:

... Omeprazole 20 mg daily

... Oxycodone ER 60 mg q12h
... Oxycodone 5 mg g6h PRN
... Lorazepam 0.5 mg q4h PRN
... Atenolol 25 mg dally

... Sucralfate 1 g QID ..

D|scharge Diagnoses:
. Metastatic NSCLC, anemia, hypertension, osteoporosis, GERD ...

Statement:
Gastroesophageal reflux disease may be treated by insulin

Label:
Q4 False-Unsupported

Figure 5: Example of statement verification against
patient records (Quadrant 4; False-Unsupported). The
statement is medically incorrect, since insulin is not
indicated for GERD. Moreover, insulin does not appear
in the patient context, making the statement false and
unsupported.

B Distribution of Relation Types

This appendix reports the distribution of biomedi-
cal relation types used in MediEval. Relations are
derived from UMLS and associated vocabularies
after semantic normalization and ontology-guided
traversal. The distribution reflects the clinical di-
versity of the benchmark, covering treatment, diag-
nostic, pharmacologic, and associative relations.

Table 2: Distribution of relation types in the dataset

Relation Type Count
treats 17,540
may_be_treated_by 4,552
related_to 4,008
classified_as 3,774
contraindicated_class_of 1,250
subset_includes 1,568
has_pharmacologic_class 854
diagnoses 738
prevents 748
causes 808
associated_with 588
authorized_value 282
co-occurs_with 130
defining_characteristic_of 230
manifestation_of 56
sign_or_symptom_of 12
may_be_diagnosed_by 4
part_of 2
Total 37,144
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Table 3: MediEval benchmarking results of Proprietary GPT Models.

Overall Performance

Per-Quadrant F1-Scores

Critical Error Rates

Model Acc. Prec. Rec. F1 F1_Q1 F1.Q2 F1.Q3 F1_Q4 HSR TIR
GPT-5 457 364 467 304 683 53.3 0.0 0.0 19.3 0.0
GPT-40 493 316 500 29.1 66.3 50.0 0.0 0.0 46.7 0.0

C Human Evaluation

We conducted human validation on 200 balanced
samples. Two medically trained annotators labeled
each item independently. In cases of disagreement,
GPT-5 was consulted as an auxiliary signal for
sanity checking, but final labels were determined
by the human annotators. Agreement was 97%
(194/200), with Cohen’s kappa = 0.96, indicat-
ing strong agreement. All disagreements occurred
between Q2 and Q3, which is one of the subtle dis-
tinctions that the benchmark is designed to probe.
Because our extraction pipeline is fully ontology-
driven and deterministic, the errors stem from noise
or inconsistencies in the underlying ontologies or
EHR data.

D Implementation Details

All training was performed on an NVIDIA L40S
GPU with 46 GB memory. All reported results are
averaged over 3 random seeds (42, 43, 44). For
the MediEval supervised baselines, we fine-tuned
models for 3 epochs with per-device batch size
4, gradient accumulation 8, maximum sequence
length 4096, learning rate 2 x 1075, weight decay
0.01, and warmup ratio 0.03. When enabled, LoRA
used rank r = 8, @ = 16, and dropout 0.05. For
the CoRFu experiments, we fine-tuned with maxi-
mum sequence length 4096, per-device batch size
1, gradient accumulation 16 (effective batch size
16), and trained for 1 epoch. We used the AdamW
optimizer with learning rate 1 X 1074, 81 = 0.9,
B2 = 0.999, weight decay 0.01, warmup ratio 0.05,
and gradient clipping at 1.0. LoRA was configured
with rank » = 16, a = 32, and dropout 0.1. The
CoRFu loss used 8 = 0.1 and A = 0.5.

E Evaluation of Proprietary GPT Models

GPT-40 (Hurst et al., 2024) and GPT-5 (Singh et al.,
2025) are evaluated under a realistic clinical setting,
following their typical usage: zero-shot inference
without task-specific fine-tuning. This reflects prac-
tical deployment constraints, where adapting pro-
prietary models is often infeasible. Our goal is not a

direct head-to-head comparison, but rather to high-
light two complementary observations: (1) the task
remains challenging even for frontier models with-
out adaptation, and (2) smaller models equipped
with targeted supervision (SFT/CoRFu) can out-
perform general-purpose LLMs on safety-critical
dimensions.

For proprietary models, the prompt consists of
the following components: (1) context, (2) state-
ment, (3) definitions of the four quadrants, (4) an
instruction to select exactly one label, and (5) the
list of candidate labels.

Overall, proprietary models struggle on this task.
GPT models achieve only 29.1% (GPT-40) and
30.4% (GPT-5) macro-F1. Since both models are
evaluated in their base generative form without
task-specific adaptation, this performance reflects
both the difficulty of MediEval and the lack of
alignment to the evaluation protocol.

In terms of safety errors, HSR (Q2—Q1) ranges
from 19.3% for GPT-5 to 46.7% for GPT-40. No-
tably, proprietary models never predict Q3, result-
ing in zero TIR. This behavior indicates miscalibra-
tion rather than genuine safety awareness.

F Ablation Study

Figure 6 illustrates the effect of the regularization
coefficient A on performance and error rates, under
Q1 vs. Q2 CoRFu training. For both models, mod-
erate values of A (around 0.5-1.0) achieve the best
trade-off: macro-F1 is maximized, while HSR and
TIR are substantially reduced compared to A = 0,
which corresponds to vanilla DPO. As A increases
further, performance degrades and error rates rise,
indicating over-penalization of negative preference
margins. This ablation is necessary because A di-
rectly controls the strength of the corrective penalty
introduced by CoRFu, balancing preference opti-
mization against error suppression. In contrast, we
fix the DPO temperature 3, since it only rescales
the preference margin and its effect can be absorbed
into \.
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Figure 6: Effect of the regularization coefficient A on
macro-F1, HSR, and TIR for Qwen3-8B and Llama-3.1-
8B-Instruct under Q1 vs. Q2 CoRFu training.

G Qualitative Evaluation

We further analyze whether model behavior cor-
relates with input characteristics such as context
length or relation type, across all evaluated set-
tings, including SFT and CoRFu. We observe no
consistent correlation between any of the reported
evaluation metrics and context length, nor system-
atic performance differences across relation types
for any model. These results indicate that the ob-
served performance trends are not driven by input
complexity or relation semantics, but instead reflect
differences in training objectives and supervision
strategies.

Instead, errors predominantly arise from confu-
sions between Q2 and Q1, indicating difficulties in
distinguishing between partially incorrect and fully
incorrect cases. We provide a qualitative analysis
of these failure modes below.

16163

Qualitative Example - hadm_id: 24480054

Statement. Gastroesophageal reflux disease
may be treated by aluminum hydroxide, which
is a type of antacid.

Context.

History of Present Illness:

___ is a G4P3 female with a history of
thrombophilia and cerebrovascular accident
who presented to an outside hospital with
worsening epigastric pain without overt
signs of labor. She was admitted in early
labor and subsequently delivered her baby on
the morning of ___. However, her abdominal
pain continued to worsen during
hospitalization.

She has a history of gastroesophageal reflux
disease previously treated effectively with
pantoprazole, later transitioned to
omeprazole due to insurance changes, with
recurrence of symptoms. During the first
trimester of pregnancy, she experienced
worsening epigastric pain with significant
nausea and vomiting. After the first
trimester, nausea and vomiting improved, and
her heartburn and epigastric pain also
improved. In the week prior to delivery, her
symptoms worsened again, with pain primarily
localized to the epigastrium and exacerbated
by movement. She attempted over-the-counter
Tums and Pepcid without relief.

At the outside hospital, she underwent
abdominal ultrasound and CT imaging
demonstrating pancreatitis. She was noted to
have leukocytosis and received imipenem
prior to transfer. She received at least 4L
of normal saline and voided at least 350cc.
She reported bilious emesis but denied
ongoing nausea.

Her delivery was uncomplicated. Her newborn
son, ___, is healthy. No estimated blood

loss was recorded, and delivery was vaginal.
She continued to experience suprapubic pain.

On arrival to the MICU, vital signs were:
temperature 97.9F, blood pressure 156/97,
heart rate 107, respiratory rate 16, and
Sp02 97% on nasal cannula. She reported
abdominal pain that was tolerable and
improved with hydromorphone. She denied
shortness of breath. She had not passed gas,
and her last bowel movement was ___

Past Medical History:

- Stroke associated with Depo-Provera,
without residual deficits

- Thrombophilia (MTHFR deficiency)

- Hepatitis C (cleared virus; viral load
undetectable, antibody positive; no IVDU;
history of blood transfusion ___)

- Ruptured appendix
- Morbid obesity

- Gastroesophageal reflux disease

- Pregnancy in with possible fetal




alcohol syndrome, ADHD, and bipolar
disorder; no issues in ___ or ___ pregnancies

Brief Hospital Course:

Severe Acute Pancreatitis: The patient was
admitted to the MICU and kept NPO. MRCP
demonstrated greater than 30% pancreatic
necrosis with a hemorrhagic component. A
nasojejunal tube was placed, and tube feeds
were initiated. Initial intolerance improved
with cycling. No drainable fluid collections
were identified. Gastroenterology followed
throughout admission. She was discharged on
a clear liquid diet with plans to advance to
a low-fat diet. Persistent left upper
quadrant pain gradually improved.

Thrombophilia: The patient has a history of
MTHFR deficiency and prior stroke. A new
non-occlusive portal vein thrombosis was
identified during admission. Therapeutic
enoxaparin was initiated after stabilization
of hemorrhagic pancreatitis, with a planned
duration of ___ months and hematology
follow-up.

Postpartum Status: The patient had an
uncomplicated vaginal delivery of a healthy
infant on Social work was involved due

to limited home support.

Acute Kidney Injury: An acute kidney injury
was present on admission, likely secondary
to pancreatitis, and resolved with
intravenous fluid resuscitation.

Ileus and Diarrhea: An initial ileus was
treated conservatively. The patient later
developed tube-feed--associated diarrhea.
Clostridioides difficile testing was
negative. Symptoms improved with as-needed
loperamide.

New-Onset Diabetes Mellitus: Hyperglycemia
developed after initiation of tube feeds,
likely secondary to severe pancreatitis. The
patient was started on an insulin sliding
scale. Due to clinical complexity, she was
discharged on a Humalog sliding scale only
and requires outpatient reassessment.

Inactive Issues:
Gastroesophageal reflux disease: continue
pantoprazole.

Discharge Diagnoses:

- Acute severe pancreatitis

- Hyperglycemia, likely new-onset diabetes
mellitus

- Portal vein thrombosis

- Acute kidney injury, resolved

Label. True-Supported

The statement is medically correct in general;
however, the specific treatment (aluminum hydrox-
ide) is not mentioned in the clinical context. While

GERD is documented and treated with pantopra-
zole and other antacids, the generated statement
introduces an unsupported medication, and is there-
fore labeled as Q2.

Almost all models fail on this example due to
a combination of lexical bias and treatment-level
over-generalization. The presence of strong sur-
face cues such as GERD, reflux, and references
to antacid use biases models toward conceptual
matching, leading them to infer support even when
the specific medication (aluminum hydroxide) is
not mentioned.

In addition, models tend to collapse distinc-
tions within therapeutic classes, treating different
antacids as interchangeable. This error is further
exacerbated by clinical complexity rather than con-
text length: the note is dominated by severe acute
pancreatitis and post-partum complications, while
GERD appears as a secondary issue, making fine-
grained verification of drug-level evidence partic-
ularly challenging. Together, these factors reveal
a persistent difficulty in jointly verifying medical
correctness and strict contextual grounding.
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