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Guideline-based Evaluation of Large Language Models in Heart
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Objectives: Large language models (LLM) are increasingly used by clinicians as informal decision-support tools. However, most benchmark
studies emphasize aggregate accuracy and do not clarify whether errors are evenly distributed across clinical tasks. We evaluated whether
contemporary LLMs exhibit a domain-specific reliability gap in the management of heart failure with preserved ejection fraction (HFpEF).

Material and Methods: In this cross-sectional benchmark study, four contemporary LLMs (Gemini 2.5 Pro, ChatGPT-5, Microsoft Copilot, and
Claude Sonnet 4.5) were queried with 80 guideline-anchored items derived from the 2022 American Heart Association/American College of
Cardiology/Heart Failure Society of America heart failure guideline, the 2021 European Society of Cardiology (ESC) guideline, and the 2023 ESC
focused update. Items were classified into four domains: diagnosis and pathophysiology (n=16), comorbidity management (n=11), treatment
and drug management (n=12), and guideline comparison and clinical scenarios (n=41). Responses were evaluated against pre-specified gold-
standard answers by three cardiologists using a four-point ordinal rubric; disagreements were resolved by consensus, with senior adjudication
when required. Domain-level differences were analyzed using Fisher’s exact test.

Results: Across 320 responses, comprehensive accuracy ranged from 65.0% to 87.5%. No model produced a critical error in either the diagnosis
or the comorbidity domain. In contrast, critical error rates rose markedly in the treatment and drug-management domain, reaching 50.0% for
Claude Sonnet 4.5, 33.3% for ChatGPT-5, and 25.0% for Microsoft Copilot, whereas Gemini 2.5 Pro produced no critical errors. When pooled
across models, critical errors were significantly more frequent in the treatment domain than in all other domains combined (odds ratio: 4.68,
p<0.001). Failures clustered around newer-generation therapies (including sodium-glucose cotransporter 2 inhibitors and semaglutide), the
HFpEF-specific iron-deficiency recommendation, and the prioritization of drugs for concomitant hypertension.

Conclusion: Contemporary LLMs perform well on conceptual and diagnostic HFpEF questions but show a clinically meaningful reliability
gap in guideline-concordant pharmacotherapy. These findings suggest that treatment-related LLM outputs should not be used without
independent verification against primary guideline sources.
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Amag: Buyuk dil modelleri (BDM), klinisyenler tarafindan giderek daha sik gayri resmi karar destek araci olarak kullaniimaktadir. Ancak
mevcut calismalar genellikle toplam dogruluga odaklanmakta, hatalarin klinik gorevler arasinda esit dagihp dagilmadigini yeterince
gostermemektedir. Bu calisma, gtincel BDM’lerin korunmus ejeksiyon fraksiyonlu kalp yetersizligi (KEF-KY) yonetiminde alana 6zgu bir
guivenilirlik acigi sergileyip sergilemedigini degerlendirmeyi amaclad.

Yontem ve Geregler: Bu kesitsel kiyaslama calismasinda dort giincel BDM (Gemini 2.5 Pro, ChatGPT-5, Microsoft Copilot ve Claude Sonnet 4.5),
2022 Amerikan Kalp Dernegi/Amerikan Kardiyoloji Koleji/Amerikan Kalp Yetmezligi Dernegi, 2021 Avrupa Kardiyoloji Dernegi (ESC) ve 2023
ESCgiincellenmis kalp yetersizligi kilavuzlarindan tiiretilen 80 madde ile sorgulandi. Sorular tani ve patofizyoloji (n=16), komorbidite yonetimi
(n=11), tedavi ve ilag yonetimi (n=12) ile kilavuz karsilastirmasi ve klinik senaryolar (n=41) olmak tizere dort alanda siniflandirildi. Yanitlar,
onceden belirlenmis altin standart cevaplara gore ¢ kardiyolog tarafindan dort puanh ordinal bir 6lcekle degerlendirildi; anlasmazliklar
konsensus ile ¢coziildu ve gerektiginde kidemli bir kardiyolog tarafindan karara baglandi. Alan diizeyindeki farkliliklar Fisher'in kesin testi ile
incelendi.

Bulgular: Toplam 320 yanitin degerlendirilmesinde kapsamli dogruluk orani %65,0 ile %87,5 arasinda degisti. Tani ve komorbidite yonetimi
alanlarinda hichir model kritik hata tiretmedi. Buna karsilik tedavi ve ila¢ yonetimi alaninda kritik hata oranlari belirgin olarak artti; bu oran
Claude Sonnet 4.5 icin %50,0, ChatGPT-5 icin %33,3 ve Microsoft Copilot icin %25,0 idi; Gemini 2.5 Pro’da kritik hata saptanmadi. Modeller
birlikte degerlendirildiginde, tedavi alanindaki kritik hatalarin diger ttim alanlarin toplamina gore anlamli olarak daha sik oldugu goruldi
(olasilik orani: 4,68; p<0,001). Hatalar ozellikle sodyum-glukoz kotransporter 2 inhibitorleri, semaglutid, KEF-KY’ye 6zgii demir eksikligi
yaklasimi ve eslik eden hipertansiyonda ilac 6nceliklendirmesi konularinda kiimelendi.

Sonugc: Giincel BDM'ler KEF-KY ile iliskili kavramsal ve tanisal sorularda yiksek performans gosterirken, kilavuz uyumlu farmakoterapi
alaninda klinik acidan anlamli bir giivenilirlik acig1 sergilemektedir. Bu bulgular, BDM’lerin 6zellikle tedavi dnerileri icin bagimsiz dogrulama
yapilmadan kullanilmamasi gerektigini dustindiirmektedir.

Anahtar Kelimeler: Korunmus ejeksiyon fraksiyonlu kalp yetersizligi, buyiik dil modelleri, yapay zeka, klinik karar destek, kilavuz uyumu,
farmakoterapi

INTRODUCTION

Heart failure (HF) with preserved ejection fraction (HFpEF)
is defined as left ventricular ejection fraction (LVEF) >50%, and
approximately 50% of HF cases worldwide are with preserved EF
(1).

Its prevalence varies geographically but is generally on the
rise, with projections suggesting that HFpEF may soon surpass HF
with reduced ejection fraction (HFrEF) in incidence (2). Despite
its high prevalence, HFpEF remains challenging to diagnose and
manage. The increasing burden underscores the importance
of ongoing research into its pathophysiology, risk factors, and
treatment options, including recent pharmacotherapeutic
advances such as empagliflozin and dapagliflozin, which have
shown benefit in clinical trials (3,4). Overall, HFpEF constitutes a
significant and growing global health concern, affecting millions
and necessitating targeted strategies for diagnosis, management,
and prevention.

early initiation of SGLT2 inhibitors, including in acute settings,
and underscores their broad applicability (5). Despite their
proven efficacy, the evidence for mineralocorticoid receptor
antagonists and angiotensin receptor-neprilysin inhibitors
remains less definitive, relying largely on subgroup analyses,
which translates into variations in guideline classifications (6,7).

These rapidly evolving treatments and guidelines impose a
substantial cognitive load on clinicians. As a result, residents,
general practitioners, and specialist physicians, including
cardiologists, are increasingly turning to large language models
(LLMs) as informal decision-support tools. While LLMs perform
well on general medical questions, this aggregate success can
obscure the reality at the patient’s bedside (8,9). A model that
accurately describes HFpEF may still provide unsafe guidance for
the treatment and management of a complex gray-zone patient
in real-world clinical practice.

Concerns about liability, confidentiality, and the preservation
of diagnostic autonomy further underscore the need for

The recent evolution in HF management highlights the  rigorous, task-specific validation before clinical deployment (10).

central role of sodium-glucose cotransporter 2 (SGLT2) inhibitors,
supported by robust clinical trial evidence and incorporated into
updated guidelines such as the 2022 American Heart Association
(AHA)/American College of Cardiology (ACC)/Heart Failure Society
of America (HFSA) and 2023 European Society of Cardiology (ESC)
recommendations(5,6). The 2023 ESC focused update emphasizes

Empirical studies reveal that while LLMs generate coherent and
medically plausible outputs, their accuracy varies across different
evidence-based medicine tasks, with notable issues in numerical
accuracy, source verifiability, and methodological rigor (11).
Furthermore, studies on phenotyping HFpEF emphasize the
heterogeneity of clinical approaches, underscoring the need for
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integrated, patient-specific data analysis rather than reliance on
artificial intelligence (Al) outputs alone (12).

Whether LLM reliability holds across different tasks, such as
diagnosis and drug selection, remains an open question. If errors
are concentrated in specific areas, a hierarchical collaboration
model should be adopted in which Al is trusted only for certain
tasks. In this study, we evaluated four current LLMs (Gemini 2.5
Pro, ChatGPT-5, Microsoft Copilot, and Claude Sonnet 4.5) using
a bank of 80 questions based on the AHA/ACC/HFSA and ESC
guidelines. We divided the questions into four domains: diagnosis
and pathophysiology, comorbidity management, treatment and
drug administration, and guideline comparisons. Our aim was to
test whether the models exhibited a “domain-specific reliability
gap” in pharmacotherapy decisions while demonstrating high
performance on conceptual questions.

MATERIAL AND METHODS

Study Design

This was a cross-sectional benchmark study evaluating four
contemporary LLMs using a structured question bank derived
from the 2022 AHA/ACC/HFSA HF guideline, the 2021 ESC
guideline, and its 2023 focused update (5-7). Because the study
involved no human participants or patient data, institutional
review board approval was not required. The study is reported in
accordance with the TRIPOD-LLM reporting guideline for studies
using LLMs (13).

Question Bank Construction

A practising cardiologist prospectively drafted 80 items
that were explicitly stratified across four clinical domains.
The number of items per domain was chosen to reflect the
relative clinical weight of each domain in contemporary
HFpEF practice while preserving adequate power for domain-
level comparisons. To ensure internal validity and a consistent
difficulty level across domains, the questions were deliberately
balanced between direct factual recall (e.g., specific diagnostic
cutoffs or recommendation classes) and complex clinical
integration requiring interpretation (e.g., therapeutic decision-
making in vignette-style scenarios with multiple comorbidities).
Furthermore, a standardized structural template, informed by
the patient, intervention, comparison, outcome framework,
was utilized during item drafting. Question topics were mapped
directly to specific guideline recommendations, tables, and class/
level of evidence statements. Each item carried a pre-specified
gold-standard answer anchored strictly to the originating
guideline text; these gold-standard answers were drafted by
the same author and independently verified against the source
guideline sections by a second cardiologist before any model was
queried.
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Question Categories

The diagnosis and pathophysiology domain (n=16) included
items covering the LVEF threshold for HFpEF, the HFA-PEFF
and H2FPEF diagnostic algorithms, N-terminal proBNP cut-
offs, echocardiographic parameters of diastolic dysfunction,
invasive hemodynamic evaluation, assessment of pulmonary
hypertension, cardiopulmonary exercise testing, and physiology
of exercise intolerance.

The comorbidity management domain (n=11) included items
on atrial fibrillation, chronic kidney disease, iron deficiency,
diabetes, amyloidosis, and sarcoidosis.

The treatment and drug management domain (n=12) was
deliberately anchored to items requiring integration of a
class of recommendation or a level of evidence from one or
both guidelines specifically those concerning SGLT2 inhibitors,
mineralocorticoid receptor antagonists, angiotensin receptor-
neprilysin inhibitors, beta-blockers, digoxin, angiotensin-
converting enzyme inhibitors/angiotensin Il receptor blockers,
diuretics, semaglutide, and lipid or sodium targets.

The guideline comparison and clinical scenarios domain
(n=41) included items that explicitly contrasted the two
guidelines’ specific recommendations and included short clinical
vignettes (e.g., first-line therapy for a patient with HFpEF, an LVEF
of 55%, and stage 3 chronic kidney disease). This domain was the
largest by design, as guideline-to-guideline synthesis represents
the most common real-world use case for clinicians consulting
an Al tool.

LLMs Evaluated

Four contemporary, publicly accessible LLMs were selected
to represent the major commercial Al ecosystems available to
clinicians at the time of the study: Gemini 2.5 Pro (Google),
ChatGPT-5 (OpenAl), Microsoft Copilot (Microsoft; based on the
ChatGPT family with retrieval augmentation), and Claude Sonnet
4.5 (Anthropic). All queries were performed between 10.11.2025
and 15.11.2025; the specific model build available through each
interface during that window is reflected in the reported results.
All models were queried through their respective default public
chat interfaces without system prompts, retrieval plug-ins, or
custom instructions, reflecting the exact conditions under which
a typical clinician operates them.

Query Protocol

To mitigate account-specific personalization, algorithmic
caching, or IP-based localization bias,a rigorous, multi-user
querying protocol was used. The 80 questions were independently
submitted to all four models by three separate cardiologists from
different computers and IP addresses, with a 48-hour interval
between each investigator’s session.
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Each question was submitted in a zero-shot fashion without
follow-up prompts. Queries and corresponding gold-standard
answers were performed in Turkish, reflecting investigators’
primary working language and a substantial real-world user
base. The order of question submission was held constant
across models. For every question, a new chat conversation
was initiated to eliminate in-context carry over. All generated
responses were saved verbatim in the study database for offline
evaluation.

“Materially similar” was defined qualitatively; although
minor stylistic or conversational variations existed in the models’
phrasing across different sessions, the core medical advice,
pharmacological recommendations, and cited evidence levels
remained identical across all three investigators’ independent
queries. Because the outputs obtained by the three cardiologists
were materially similar for the same model-item pairs, responses
were consolidated into a single model-question-level output
for final scoring, yielding 320 evaluated responses (80 itemsx4
models).

Scoring Rubric and Consensus Adjudication

A joint panel-based grading approach was used. The three
investigating cardiologists evaluated the Al outputs against the
pre-specified gold-standard answers in joint review sessions.
During the evaluation, model identities were masked (labeled
model A-D). Each response was discussed, and a single final score
was determined by majority vote or by unanimous consensus
based on a four-point ordinal rubric:

1. (Comprehensive): The response fully captured the
guideline-concordant answer, including the relevant class of
recommendation and level of evidence where applicable.

2. (Adequate but incomplete): The core recommendation
was correct, but key qualifiers or evidence levels were missing.

3. (Partially incorrect): The response contained at least one
clinically meaningful error alongside correct elements.

4. (Completely incorrect): The response contradicted the
guideline-concordant answer in a clinically meaningful or
potentially harmful way.

In instances where a unanimous decision could not be
reached among the three primary evaluators, an independent,
senior cardiologist—blinded to the initial internal discussions—
adjudicated the final score.

A composite success rate was defined as the proportion of
responses scored 1 or 2. A critical error rate was defined as the
proportion of responses scoring 4.

Statistical Analysis

Because the primary purpose of the study was to compare
the structural distribution of errors across clinical domains
rather than to establish the absolute superiority of one
model over another, the analyses were descriptive in intent,
and confirmatory testing was restricted to the pre-specified
domainxoutcome comparison. For each model and domain,
we report the distribution of the four ordinal scores; the
comprehensive rate (Score 1); the composite success rate (Scores
1+2); and the critical error rate (Score 4). Exact binomial (Clopper-
Pearson) 95% confidence intervals (Cl) were calculated for all
proportions to convey uncertainty appropriate to the subgroup
sizes. To quantify the heterogeneity of model performance
within each domain, we calculated the inter-model range of the
comprehensive rates. The pre-specified primary inferential test
was Fisher’s exact test, which compared the proportion of critical
errors in the treatment and drug management domain with that
in all other domains combined and was performed both pooled
across models and separately for each model. A two-sided
p-value <0.05 was considered statistically significant; given the
descriptive framing, no correction for multiple per-model tests
was applied, and per-model results are reported as supportive.
All statistical analyses were performed using IBM SPSS Statistics
(version 26.0, IBM Corp., Armonk, NY, USA).

RESULTS

Overall Performance

A total of 320 responses (80 questionsx4 models) were
evaluated. The overall performance metrics varied across
systems, as summarized in Table 1. Comprehensive and accurate
response rates (Score 1) ranged from 65.0% (95% Cl 53.5-75.3)
for Claude Sonnet 4.5 to 87.5% (95% Cl 78.2-93.8) for Gemini 2.5
Pro. When considering the composite success rate (Scores 1+2),
performance remained relatively high across all systems, ranging
from 83.75% to 93.75%. However, critical error rates (Score 4)
remained non-trivial, ranging from 6.25% (Gemini 2.5 Pro; 95%
Cl 2.1-14.0) to 13.75% (Claude Sonnet 4.5; 95% Cl 7.1-23.3)

Table 1. Overall distribution of response quality across four LLMs (n=80 items per model)

Model Score 1 (%) Score 2 (%) Score 3 (%) Score 4 (%) Success 1+2 (%)
Gemini 2.5 Pro 87.5 6.25 0.0 6.25 93.75
ChatGPT-5 83.75 5.0 0.0 11.25 88.75
Microsoft Copilot 77.5 8.75 3.75 10.0 86.25
Claude Sonnet 4.5 65.0 18.75 2.5 13.75 83.75

Score 1: Comprehensive, Score 2: Adequate but incomplete, Score 3: Partially incorrect, Score 4: Completely incorrect

23



Taskan et al.
Guideline-based Evaluation of Large Language Models in Heart Failure with Preserved Ejection Fraction

As illustrated in Figure 1, Gemini 2.5 Pro achieved the most
favorable overall profile, combining the highest proportion
of comprehensive responses with the lowest critical error
rate. In contrast, Claude Sonnet 4.5 demonstrated the lowest
comprehensive accuracy and the highest proportion of critical
errors. The remaining models showed intermediate performance
across these metrics (Figure 1).

Domain-specific Performance and the Reliability Gap

The distribution of errors varied markedly across the
four clinical domains (Tables 2 and 3). In the diagnosis and

I Score 1 — Comprehensive

Bull Cardiovasc Acad 2026;4(1):20-28

pathophysiology domain, all four models performed consistently
well; Gemini 2.5 Pro, ChatGPT-5, and Microsoft Copilot each
achieved a comprehensive coverage rate of 93.75%, while
Claude Sonnet 4.5 achieved 75.0%. Notably, no critical errors
(Score 4) were observed in either this domain or the comorbidity
management domain, where comprehensive coverage rates
ranged from 72.7% to 100%.

By contrast, reliability collapsed in the treatment and drug
management domain. Comprehensive coverage rates in this
domain fell as low as 33.3% (95% Cl 9.9-65.1) for Claude Sonnet

[ Score 3 — Partially incorrect

W Score 2 — Adequate but incomplete [l Score 4 — Critical error

Claude Sonnet 4.5 65.0% 18.8% L 13.8%

Microsoft Copilot 71.5%

10.0%

Gemini 2.5 Pro 87.5%

0% 25%

50% 5% 100%

N=80 items per model (320 responses total). Composite success rate (Score 1+2): Gemini 2.5 Pro 93.75% - GPT-5 88.75% - Microsoft Copilot 86.25% - Claude Sonnet 4.5 83.75%

Figure 1. Distribution of response quality scores across LLMs in clinical evaluation
Distribution of LLM response quality for HFpEF (n=320). While overall accuracy rates varied between 65.0% and 87.5% across the four systems, all models

maintained a composite success rate (Scores 1+2) exceeding 83%

LLM: Large language model, HFpEF: Heart failure with preserved ejection fraction

Table 2. Comprehensive (Score 1) response rate by clinical domain. Exact binomial 95% confidence intervals for the treatment

and drug management domain (n=12) are shown in parentheses

Model Diagnosis gnd Comorbidity Treatment and drugs Guideline cpmparison
pathophysiology (n=16) management (n=11) (n=12) and scenarios (n=41)

Gemini 2.5 Pro 93.8 90.9 100.0 (73.5-100) 80.5

ChatGPT-5 93.8 100.0 66.7 (34.9-90.1) 80.5

Microsoft Copilot 93.8 72.7 58.3 (27.7-84.8) 78.0

Claude Sonnet 4.5 75.0 100.0 33.3(9.9-65.1) 61.0

Inter-model range 18.8 27.3 66.7 19.5

Table 3. Critical error rate (Score 4) by clinical domain. Exact binomial 95% confidence intervals for the treatment and drug

management domain (n=12) are shown in parentheses

Dy O Tratmentanddngs Sl amprion
Gemini 2.5 Pro 0.0 0.0 0.0 (0-26.5) 12.2
ChatGPT-5 0.0 0.0 33.3(9.9-65.1) 12.2
Microsoft Copilot 0.0 0.0 25.0 (5.5-57.2) 122
Claude Sonnet 4.5 0.0 0.0 50.0 (21.1-78.9) 12.2
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4.5 and 58.3% (95% Cl 27.7-84.8) for Microsoft Copilot. Score
4 responses accounted for 50.0% (95% Cl 21.1-78.9) of Claude
Sonnet 4.5's pharmacotherapy answers, 33.3% (95% Cl 9.9-65.1)
for ChatGPT-5, and 25.0% (95% Cl 5.5-57.2) for Microsoft Copilot.
Gemini 2.5 Pro was the only model without a single critical error
in this domain (0/12; 95% Cl 0-26.5). The heterogeneity of model
performance (the inter-model range of comprehensive rates)
was 66.7% for treatment more than threefold higher than that in
any other domain. When pooled across all four models, critical
errors were significantly more frequent in the treatment and
drug management domain than in all other domains combined
(13/48 vs. 20/272; odds ratio 4.68, Fisher’s exact p<0.001). In per-
model analyses, this difference reached statistical significance
for Claude Sonnet 4.5 (p=0.001) and ChatGPT-5 (p=0.025),
approached significance for Microsoft Copilot (p=0.09), and was
non-significant (Fisher’s exact p=1.00) for Gemini 2.5 Pro, which
produced no critical errors in the treatment domain.

In the guideline comparison and clinical scenarios section
(n=41), accuracy rates were relatively homogeneous (61.0%-
80.5%). Interestingly, critical error rates converged at 12.2% (5/41)
across all four models, indicating that each system independently
produced completely incorrect responses to exactly five items.
However, item-level inspection showed that these were not the
same five questions for each model; the error count converged,
while the error content diverged.

Item-level Failure Analysis

To determine whether these errors were stochastic or
systematic, a post-hoc analysis of critical errors at the item level

was performed (Table 4). Of the 80 items, 11 produced a Score 4
response in at least two models (“common-failure items”), and 6
failed in at least three models. Only a single item—regarding the
guideline-appropriate treatment approach for iron deficiency in
HFpEF—elicited completely incorrect responses from all four
models simultaneously.

Every item that failed in three or more models was directly
related to a drug-class recommendation. These errors clustered
around SGLT2 inhibitors (including the 2023 focused updates),
glucagon like peptide-1 (GLP-1) receptor agonists (semaglutide
following the STEP-HFpEF trial), intravenous iron therapy, and
drug prioritization in concomitant hypertension. Conversely,
no common failures were observed in conceptual questions
regarding diagnosis or pathophysiology.

When the distribution of these 11 common-failure items
across individual models was examined, Claude Sonnet 4.5
produced critical errors on 10 of the 11 items, ChatGPT-5 on 9,
Microsoft Copilot on 7, and Gemini 2.5 Pro on 3. The substantially
lower failure count of Gemini 2.5 Pro on these items mirrors its
overall performance profile. One possible explanation is that this
apparent advantage may reflect differences in model updating
or in the recency of knowledge rather than a fundamentally
different reasoning capability; however, this hypothesis was not
directly tested in the present study.

DISCUSSION

In this guideline-anchored benchmark of four contemporary
LLMs on HFpEF, we observed three findings with direct
implications for how these systems should—and should not—be

Table 4. Items on which multiple large language models produced a critical error (Score 4), grouped by failure cluster

Failure cluster Question focus Domain Models scoring 4 (count)
Iron deficiency IV vs. oral iron in HFpEF Scenarios All four models (4/4)
Drug class for CKD progression in HFpEF Treatment ChatGPT-5, Copilot, Sonnet (3/4)
SGLT2 inhibitors SGLT2i class of recommendation (2023 ESC update) Scenarios ChatGPT-5, Copilot, Sonnet (3/4)
Impact of CKD on SGLT2i use Treatment ChatGPT-5, Sonnet (2/4)
GLP-1/obesity Semaglutide in obesity-related HFpEF (STEP-HFpEF) Scenarios ChatGPT-5, Copilot, Sonnet (3/4)
Diabetes prioritization DM management priority in HFpEF (AHA/ACC/HFSA) Treatment GPT-5, Copilot, Sonnet (3/4)
) o Hypertension priority (AHA/ACC/HFSA) for CV benefit Scenarios Gemini, ChatGPT-5, Copilot (3/4)
Hypertension prioritization ; o . -
Hypertension priority in HFpEF (ESC) Scenarios Gemini, Sonnet (2/4)
o Anticoagulant class in HFpEF with AF Treatment ChatGPT-5, Sonnet (2/4)
Atrial fibrillation in HFpEF - . - .
Catheter ablation class in HFpEF with AF Treatment Copilot, Sonnet (2/4)
ARNI class discrepancy ARNI class difference (AHA/ACC/HFSA vs. ESC) Scenarios ChatGPT-5, Sonnet (2/4)
Clusters are ordered by the number of converged critical errors. “Sonnet” refers to Claude Sonnet 4.5
SGLT2: Sodium-glucose cotransporter 2, GLP-1: Glucagon like peptide-1, HFpEF: Heart failure with preserved ejection fraction, ARNI: Angiotensin receptor-
neprilysin inhibitor, CKD: Chronic kidney disease, AHA: American Heart Association, ACC: American College of Cardiology, HFSA: Heart Failure Society of
America, ESC: European Society of Cardiology, AF: Atrial fibrillation
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used in cardiology practice. First, LLMs perform uniformly well on
conceptual, diagnostic, and pathophysiological questions about
HFpEF, with no critical errors observed across the diagnostic
and comorbidity domains. Second, in the domain of treatment
and drug management, the same models exhibited a dramatic
decline in reliability, with critical error rates as high as 50% on
direct pharmacotherapy questions. Third, the magnitude of inter-
model heterogeneity was more than three times as great in the
treatment domain as in any other domain, indicating that errors
are not randomly distributed but are concentrated in the single
domain most likely to directly influence prescribing decisions.
The pooled Fisher’s exact test confirmed that this concentration
is not a statistical artefact of small numbers (odds ratio: 4.68,
p<0.001). We refer to this pattern as a domain-specific reliability
gap. We define this gap as task-type—dependent performance
heterogeneity, in which an LLM’s accuracy fluctuates significantly
with the clinical nature of the question rather than with the
disease entity alone.

The post-hoc analysis of items in which multiple models
converged on the same critical error provides a mechanistic
explanation for this gap. Shared failures were thematically
narrow: every item on which at least three of the four models
failed concerned either a newer-generation therapy (e.g., SGLT2
inhibitors, semaglutide) or a specific class-of-recommendation
hierarchy. Moreover, the convergence of critical error rates at
exactly 12.2% across models in the scenarios domain, despite
divergent item identities, suggests that the difficulty ceiling
of clinical scenario synthesis is shared across systems, while
the specific failure points are model-idiosyncratic a pattern
consistent with model-specific gaps superimposed on a common
substrate of genuinely difficult content.

These common failures cluster around treatments for which
the evidence base is changing most rapidly. The efficacy of
SGLT2 inhibitors and GLP-1 receptor agonists in organ-preserving
strategies, even in non-diabetic patients, is supported by new
evidence. Landmark studies such as EMPEROR-Preserved and
DELIVER have shown that SGLT2 inhibitors are now a foundational
class for the management of HFpEF, displacing several older
agents from guideline-directed therapy (14,15). Similarly, the role
of semaglutide in obesity-related HFpEF is supported by the STEP-
HFpEF study (16). When multiple models produce completely
incorrect answers on these items, the pattern is consistent
with temporal misalignment between model knowledge and
the current guideline state. We acknowledge that, while highly
plausible, this remains a speculative hypothesis, as it was not
directly tested in our study design. LLMs encode the statistical
average of the evidence in their training window; when the
therapeutic paradigm has recently shifted, this statistical average
is no longer the correct answer.
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Furthermore, the single item on which all four models
produced a completely incorrect response (the treatment
approach for iron deficiency in HFpEF) highlights a qualitatively
different failure mechanism: inappropriate generalization. The
robust evidence base for intravenous iron in HF was established
predominantly in patients with HFrEF (17,18). A model that
has correctly learned that “iron deficiency in HF is treated with
intravenous iron” will confidently produce that answer for HFpEF,
failing to recognize that the HFpEF-specific recommendation is
deliberately more cautious. This pattern suggests a potentially
important failure mode in which models may inappropriately
extrapolate from HFrEF to HFpEF, rather than simply relying on
outdated knowledge. This highlights a critical vulnerability often
discussed in broader clinical Al literature: “contextual blindness”,
where models fail to distinguish between high-quality evidence
in a related phenotype and the more nuanced and restricted
recommendations required for the specific target phenotype.

Most existing guidance on the use of LLMs in medicine treats
the Al knowledge base as monolithic and recommends uniform
caution. However, our findings, together with recent literature on
task-dependent Al performance, suggest that a more nuanced,
task-stratified approach may be more appropriate than uniform
caution across all clinical tasks (19,20). For HFpEF specifically, the
present findings suggest that contemporary LLMs may be more
reliable for conceptual and diagnostic tasks than for treatment-
related decision support. In these domains, the models showed
consistently high performance with no observed critical errors.
In the treatment and drug-management domain, current LLMs
do not appear sufficiently reliable for unsupervised decision
support. With a 1-in-2 critical error rate for the weakest model
and a 1-in-3 rate even for one flagship system, the consequences
of acting on an LLM recommendation without independent
verification are potentially serious. Taken together, these findings
suggest that caution is warranted: contemporary LLMs should
be used primarily as conceptual aids, and pharmacotherapy
recommendations should be independently verified against
primary guideline sources.

Aggregate benchmarks of LLMs on medical examinations
have reported encouraging overall accuracy, but they rarely
stratify results by the cognitive type of the underlying task
(21). Recent empirical evaluations have begun to demonstrate
that LLM errors in medicine are not uniformly distributed but
tend to cluster within specific clinical tasks, such as complex
evidence synthesis (22,23). Our findings add a critical layer to
this emerging literature. In our previous multidimensional
audit of cardiovascular decision-making, we demonstrated
that LLM safety failures are highly model-dependent and
prone to “dysfunctional humility”—where cautious phrasing is
dangerously paired with unsafe recommendations (24). In our
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prior study, we identified a shared multimodel vulnerability
in the management of high-risk non-ST-segment elevation
myocardial infarction, in which models inappropriately deviated
from ESC Class Il guidance. The present study extends this
paradigm by showing that reliability varies across task types,
even within a single disease phenotype, rather than remaining
uniform across all forms of clinical questioning.

Future investigations should extend this framework to
retrieval-augmented generation configurations, testing whether
the reliability gap in the treatment domain can be closed by
directly grounding the model in source documents. Additionally,
this domain-stratified approach should be applied to other
cardiovascular conditions with dynamic evidence bases to
determine if the reliability gap is a universal property of Al in
cardiology.

Study Limitations

Several limitations must be acknowledged. First, queries
were performed in Turkish. Although the guidelines are
international and the clinical content is language-independent,
we cannot exclude a language effect on LLM performance,
and prior work suggests that non-English medical queries may
degrade LLM accuracy subtly. Second, the treatment and drug
management domain contained only 12 items. Although the
magnitude of the observed effect is large and the pooled Fisher’s
exact test remains significant, between-model comparisons in
this subgroup should be interpreted cautiously, and the exact
95% Cls for per-model estimates are correspondingly wide. Third,
although model identity was masked during scoring, the three
evaluators were not blinded to one another during consensus
adjudication; this reflects standard practice for rubric-based
clinical adjudication but could introduce subtle group-dynamic
bias. Finally, the benchmark reflects the state of these models
at a single point in time. Consequently, these findings represent
a temporal snapshot rather than a definitive model ranking,
because results will inevitably shift as models are retrained and
guidelines are updated.

CONCLUSION

Contemporary LLMs handle conceptual and diagnostic
questions about HFpEF uniformly well, but exhibit a
clinically meaningful reliability gap in guideline-concordant
pharmacotherapy. Errors concentrate in the single domain most
likely to influence prescribing, driven by temporal misalignment
and inappropriate generalization. Until retrieval-grounded
systems are independently validated, these data suggest that
caution is warranted and that LLMs are currently best used as
conceptual aids, with all pharmacotherapy recommendations
subject to rigorous human verification.
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