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ABSTRACT

Consumer-facing AI systems now advise millions of patients on
the urgency of their health conditions, yet their evaluation has
largely focused on accuracy alone. Accuracy, however, is insuffi-
cient for high-stakes health decision support: models must provide
sound, contextually grounded reasoning because their explanations
can directly influence whether patients seek timely care or delay
treatment. To address this important gap, we introduce an empiri-
cal benchmark for evaluating clinical triage systems that assesses
explanation quality alongside decision outcomes. We compare 4
open-source language models against a ChatGPT Health baseline
across 78 physician-labeled clinical vignettes spanning 19 medical
domains. Beyond accuracy, we evaluate calibration, clinical rea-
soning coherence, faithfulness to clinical context, and over- and
under-triage rates, dimensions critical to patient safety. Our results
show that Gemma 2 9B achieves 79.5% accuracy compared to the
top performer in our evaluation, ChatGPT Health (84.6%), which
exhibits substantial fabrication in 69.2% of its explanations. We fur-
ther observe strong prompt sensitivity: DeepSeek-R1 7B degrades
by 20.5% under structured prompting, while Mistral 7B improves
by 15.4%. We provide a reproducible, checkpoint-based evaluation
pipeline and outline a roadmap for bias stress-testing, hallucination
mitigation, and open benchmark release.
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1 INTRODUCTION

In 2026, OpenAI reported that over 40 million people worldwide
use ChatGPT daily to answer health-related questions [10]. Chat-
GPT Health, provides recommendations on symptom management
and urgency of action, ranging from home monitoring to imme-
diate emergency care. For medical triage, the stakes are high: a
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misaligned recommendation can delay care for a patient in cri-
sis, or strain emergency department capacity by directing patients
without urgent needs to the emergency department.

Recent work highlights the safety risks of such systems. Ra-
maswamy et al. [10] conducted a stress test of ChatGPT Health,
finding that it undertriaged 52% of cases requiring emergency care,
recommending 24–48 hour follow-up for individuals with diabetic
ketoacidosis and impending respiratory failure rather than imme-
diate emergency care. They also identified anchoring bias: when a
family member dismissed a patient’s symptoms, the system shifted
to lower urgency recommendations with an odds ratio of 11.7.
These findings raise serious safety concerns for consumer scale
triage-like decision support systems, particularly in unsupervised
settings [2]. They also highlight a key limitation of current evalua-
tion approaches, which emphasize accuracy while overlooking the
quality of the reasoning underlying these recommendations.

Hallucination Cases

Case F19 (Hematology): Fabricated Lab Value

Patient Message: I’m a 29-year-old man. I had routine bloodwork
and feel fine. I had a bad cold about 2 weeks ago that has resolved.
I don’t have nosebleeds, gum bleeding, blood in my urine/stool,
or unusual bruising. No blood thinners or new medications.

Model Response: “The elevated INR (International Normal-

ized Ratio) in your bloodwork suggests that there might be an
issue with your coagulation system, which could potentially indi-
cate a problem with your liver or medication use. However,
since you are feeling well and have no other concerning symp-
toms, it’s possible that this result is due to the recent cold virus
or another temporary factor.”

Figure 1: Example of LLMs fabricating clinical details to jus-

tify their triage decisions. Model response shown here is

from Mistral 7B. Hallucinated content is bolded.

The literature has not yet addressed how ChatGPT Health per-
forms relative to smaller, openly available language models, nor
whether these systems can be evaluated in a way that is repro-
ducible, auditable, and sensitive to trust-relevant properties beyond
accuracy. Accuracy alone is insufficient especially in medical set-
tings. A model that is accurate but systematically overconfident,
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whose reasoning fabricates clinical details not present in the pa-
tient’s message (see Figure 1)., or whose conclusions contradict its
own reasoning, poses risks that accuracy scores often miss.

This is also a data management problem. Clinical AI benchmarks
today are inconsistently structured, heterogeneous, and rarely de-
signed to support multi-model evaluation with quality checks be-
yond accuracy. There is no agreed upon pipeline for automati-
cally assessing the internal consistency or faithfulness of model-
generated clinical reasoning at scale. These structural gaps make
comparable evaluation of medical AI systems challenging [6].

In this work, we aim to address both problems jointly. We present
an empirical study evaluating four open-source language models,
namely,Mistral 7B [5], DeepSeek-R1 7B [1], Gemma 2 9B [4],
andQwen2.5 7B [9] against the ChatGPT Health baseline across 78
physician-labeled triage vignettes drawn from the extended dataset
of Ramaswamy et al [10]. We evaluate five clinical safety metrics
beyond accuracy, using a checkpoint-based pipeline built to be
shared and rerun. Our specific contributions are:

• A reproducible, two-phase evaluation pipeline for clinical AI
triage with checkpoint-based fault tolerance, supporting multi-
model benchmarking at low computational cost via locally-hosted
inference using Ollama [8].

• An empirical benchmark comparing four open-source LLMs
against the ChatGPT Health baseline across 78 vignettes and
19 medical domains, under identical conditions, jointly evaluat-
ing clinical safety, calibration, under- and over-triage rates, and
hallucination-related properties, including clinical reasoning co-
herence and faithfulness to clinical context.

• An observed pattern where accuracy and Faithfulness Rate move
in opposite directions across models: ChatGPT Health achieves
the highest-accuracy (84.6%) but the lowest Faithfulness Rate,
while Deepseek-R1 7B shows the lowest-accuracy (50.0%) but
the highest Faithfulness Rate (55.1%).

• An observed trade-off between clinical data availability and rea-
soning faithfulness: full clinical prompts (vitals, exam findings,
and lab results) improved accuracy for four out of five models
but reduced Faithfulness Rate for all of them.

2 BACKGROUND

The deployment of LLMs in clinical settings has increased rapidly,
with publications growing from a single study in 2019 to over 550
by 2024 [3]. Consumer-facing health AI raises additional regulatory
concerns: Freyer et al. [2] argue in The Lancet Digital Health that
these tools qualify as medical devices under US and EU law yet
operate largely without regulatory approval or oversight. Within
this domain, Gaber et al. [3] benchmarked LLM workflows incorpo-
rating retrieval-augmented generation across 2,000 MIMIC-derived
cases, finding that performance is highly sensitive to prompt design
and the availability of clinical context.

The broader challenge of medical hallucination has received in-
creasing attention. Kim et al. [6] evaluated 11 foundation models
across 7 hallucination tasks using physician-annotated NEJM case
records, finding that 64-72% of residual hallucinations stem from
reasoning failures rather than a lack of factual information. Their
approach relies onmanual physician review to detect hallucinations,
which is rigorous but does not scale to large-scale, multi-model

evaluation pipelines. In contrast, our pipeline takes an automated
approach, using an LLM judge to assess two dimensions of rea-
soning quality —clinical reasoning coherence and faithfulness to
clinical context— across all model outputs, as defined in Section 3.

3 STUDY DESIGN

This section describes the dataset, models, evaluation pipeline, and
metrics used in our benchmark. All models are evaluated under
identical conditions to ensure a fair comparison.

3.1 Dataset

We constructed our dataset from the extended supplementary mate-
rials of Ramaswamy et al. [10], which contains 78 clinician-authored
patient vignettes spanning 19 medical domains including Cardiol-
ogy, Neurology, Psychiatry, and others. Gold-standard triage labels
were established by physician consensus, with three independent
physicians per case following published medical society guidelines.
Labels follow the same four-level scale in the Ramaswamy et al. [10].
Cases with disagreement between two adjacent levels were assigned
split labels (e.g., C/D). A model prediction was considered correct if
it matched any of the assigned labels. Of the 78 cases, 44 carried a
single consensus triage label (A: 8, B: 8, C: 16, D: 12) and 34 carried
split triage labels (A/B: 2, B/C: 4, C/D: 28).

Each vignette exists in two forms: a full clinical prompt that
combines symptoms with vitals, physical exam findings, and lab
results; and a symptoms-only prompt that omits all other clincial
information. Thus, each vignette is represented in two forms: a full
clinical version and a symptoms-only version, resulting in 39 paired
cases in each condition (78 total instances). Factorial conditions
such as demographic framing, anchoring bias, barriers to care are
excluded to establish a clean baseline (Section 5).

3.2 Open-Source Models

We evaluated four open-sourcemodels hosted locally via Ollama [8]:
Mistral 7B [5], DeepSeek-R1 7B [1], Gemma 2 9B [4], and
Qwen2.5 7B [9]. Models were selected to represent different archi-
tectures at a comparable parameter scale or size (7B to 9B), keeping
compute requirements low enough to ensure reproducibility on
widely accessible hardware. ChatGPT Health responses were taken
directly from the Ramaswamy et al. dataset as a pre-computed
baseline; no additional queries were issued. All open-source model
inferences use temperature = 0 to test the model capability.

3.3 Evaluation Pipeline

The evaluation pipeline consisted of two separate phases.
Phase 1: Predictions. Each predictor model processed all 78

vignettes using the same format as the Ramaswamy et al. study [10].
Each model is prompted to produce an explanation (maximum
150 words), a triage level (A-D), and a confidence score (0-100%).
This ensures open-source models receive the same input format as
ChatGPT Health baseline. Each result was immediately written to
a shared JSON checkpoint, enabling fault-tolerant execution and
reproducibility. ChatGPT Health predictions were loaded directly
from the Ramaswamy dataset using an identical schema. We also
conducted a secondary evaluation using a more structured prompt
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that constricts reasoning to 2-3 sentences; results from both prompt
variants are compared in Section 4.

Phase 2: Hallucination Checks. A separate judge model pro-
cesses all checkpoint entries. We selected Llama 3.1 8B [7] as the
judge due to its strong instruction-following performance at prac-
tical scale, fully open-source, and was not already being used as
one of our predictor models in our evaluations. The judge runs two
independent checks per entry:

(1) Clinical Reasoning Coherence: does the reasoning logically
support the predicted triage level?

(2) Faithfulness to Clinical Context: does the reasoning in-
troduce any clinical detail (symptoms, diagnoses, test results,
medications, vital signs, medical history, or other clinical facts)
not present in the original patient message?

Judge limitations. The faithfulness check is intentionally strict,
it flags any clinical content beyond what the patient stated, which
can include clinical inferences or anticipated symptom progres-
sions. Faithfulness Rate results should be interpreted with this in
mind, what the metric captures is strict surface-level grounding to
the patient message, not a judgment on clinical correctness. Dis-
tinguishing appropriate inference from genuine fabrication is a
direction for future work (Section 5).

3.4 Metrics

For each model, we compute the following metrics. Accuracy is
the fraction of predictions matching at least one valid gold stan-
dard label. Calibration is the signed gap between average stated
confidence and accuracy; positive values indicate overconfidence.
Coherence Rate is the fraction of outputs for which the judge
determines that the model’s reasoning logically supports its pre-
dicted triage level. Faithfulness Rate is the fraction of outputs for
which the judge determines that the model’s reasoning introduces
no fabricated clinical detail that was not in the original message
from the patient. Under-Triage Rate is the fraction of cases where
the triage level assigned by the model is less urgent than the gold
standard label that was assigned. This could impact clinical safety
by not escalating people in need to the appropriate level of care.
Over-Triage Rate is the fraction of cases where the triage level
assigned by the model is more urgent than the gold standard label
that was assigned. This could impact clinical safety by assigning
people a higher level of care than what they actually need. This
could siphon emergency care resources away from those that need
it, delaying care for those with legitimate clinical need.

4 RESULTS

Primary results for the performance of the models regarding ac-
curacy of the triage level prediction task, including under- and
over-triage rates, with hallucination checks on clinical reasoning
coherence and faithfulness to clinical context is reported in Table 1.
The performance of the four open-source models noted above are
compared against that of ChatGPT which serves as the baseline. In
all cases, the same prompt structure was used as the reported in
Ramaswamy et al [10].

4.1 Accuracy and Calibration

Results indicated that ChatGPT Health had the highest accuracy in
triage level assignment (84.6%), followed by Gemma 2 9B (79.5%),
Qwen2.5 7B (73.1%), Mistral 7B (59.0%), and DeepSeek-R1 7B (50.0%).
Gemma 2 9B was the strongest open-source model for accuracy,
trailing ChatGPT Health by only 5%. It was also the best calibrated
model overall (−1.6%) being slightly under-confident, while in con-
trast DeepSeek-R1 was the most overconfident (+31.2%). Notably
across all 5 models, accuracy and overconfidence move in opposite
directions: the two highest-performing models are the only ones
that are under-confident, while every lower-performing model was
overconfident and increasingly so as accuracy dropped, suggesting
that weaker models not only make more wrong predictions but are
also less aware of them.

4.2 Hallucination and Clinical Safety

Accuracy of triage level assignment and Faithfulness to Clinical
Context Rate moved in opposite directions across models. ChatGPT
Health had the highest accuracy (84.6%) but the lowest Faithfulness
Rate (30.8%) according to our judge model, with fabricated clinical
details detected in 69.2% of its responses. DeepSeek-R1 had the
lowest accuracy (50.0%) but the highest Faithfulness Rate (55.1%),
likely due to its more concise chain-of-thought reasoned outputs.
Qwen2.5 7B had the highest Coherence Rate (74.6%) while Mis-
tral 7B had the lowest (56.6%). The trade-off between accuracy and
reasoning is most evident on split-label edge cases. On clinical
safety, DeepSeek-R1 shows the highest under-triage rate in this
study (43.6%). On level-D (emergency) cases specifically, under-
triage rates rise to 66.7% for DeepSeek-R1 and 58.3% for Mistral 7B,
suggesting these models are particularly unreliable for the most
critical presentations. ChatGPT Health has the lowest under-triage
rate (5.1%) but the highest over-triage rate among the top perform-
ers (10.3%). Gemma 2 9B offers the most balanced safety profile
among open-source models, with a 12.8% under-triage rate and 7.7%
over-triage rate.

4.3 Effect of Adding Clinical Data

Adding clinical data such as vitals, exam findings, and lab results to
model inputs improved triage level assignment accuracy for four of
five models, with gains ranging from +5.2% (Gemma 2) to +17.9%
(DeepSeek) and +15.4% (ChatGPT), with Mistral being the excep-
tion, where accuracy declined (−10.2%). However, Faithfulness Rate
degraded for all models when this additional clinical data was pro-
vided: the drop ranged from −38.5% for DeepSeek to −61.5% for
Mistral. Notably, models elaborated on clinical data rather than
grounding reasoning in it, generating reasoning that extends be-
yond the patient’s stated information. ChatGPT Health followed
the same pattern (Faithfulness Rate: 10.3% on full clinical prompts
vs. 51.3% on symptoms-only prompts), indicating that this artifact
is not limited to open source models. Emergency detection perfor-
mance (i.e., in cases with gold standard labels of triage level D) for
both ChatGPT and Gemma 2 worsened when labs were provided as
inputs, suggesting that clinical context can perhaps confuse models
causing them to miss the clearest urgency signals. Supplementary
Table1 shows the model sensitivity according to clinical content.
1https://github.com/sreerammarimuthu/AI-triage-benchmark
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Table 1: Comprehensive Evaluation of Model Performance and Safety across Clinical Triage tasks, N=78 cases

Model Accuracy Calibration Coherence Rate Faithfulness Rate Under-Triage Rate Over-Triage Rate

ChatGPT Health 84.6% (4.1%) −2.7% 67.9% (5.3%) 30.8% (5.2%) 5.1% (2.5%) 10.3% (3.4%)
Gemma 2 9B 79.5% (4.6%) −1.6% 61.4% (5.5%) 43.6% (5.6%) 12.8% (3.8%) 7.7% (3.0%)

Qwen2.5 7B 73.1% (5.0%) +8.2% 74.6% (4.9%) 42.3% (5.6%) 11.5% (3.6%) 15.4% (4.1%)
Mistral 7B 59.0% (5.6%) +18.4% 56.6% (5.6%) 33.3% (5.3%) 33.3% (5.3%) 7.7% (3.0%)
DeepSeek-R1 7B 50.0% (5.7%) +31.2% 61.4% (5.5%) 55.1% (5.6%) 43.6% (5.6%) 6.4% (2.8%)

Values in parentheses are standard errors,
√︁
𝑝 (1 − 𝑝 )/𝑁 , 𝑁 = 78. Calibration (signed mean difference) is reported without SE.

4.4 Prompt Format Sensitivity

To assess sensitivity of the models to prompt structure, we re-
evaluated all open-source models using a stricter prompt that limits
model reasoning to two to three sentences, keeping all clinical
inputs brief. The effect of this change to the prompt varies sub-
stantially by model: Mistral 7B gained 15.4% in accuracy under
the stricter prompt (59.0% to 74.4%), while DeepSeek-R1 7B lost
20.5% (50.0% to 29.5%). Gemma 2 9B and Qwen2.5 7B remain com-
paratively stable (−3.9% and −2.6% respectively), suggesting these
architectures are less sensitive to prompt structure. Faithfulness
to Clinical Context also shifts for Gemma 2 9B’s where the Faith-
fulness Rate rises from 43.6% to 74.4% under the stricter prompt,
indicating that constraining reasoning length reduces fabrication
even when accuracy is largely unchanged.

5 PROJECT VISION

This study establishes a reproducible multi-metric baseline for
triage level assignment, and the results surface clear gaps we plan
to address:

New data expansion. We applied the same four models to a
confidential 21-case Emergency Department gold standard dataset
annotated by two emergency physicians, evaluating 72 feature set
compositions including physician-labeled Q&A pairs across 6,048
total predictions. The results were consistent with our main study;
information quality, not volume, drove the performance, we plan
to scale this with more annotated cases.

Factorial stress-testing. Ramaswamy et al. identified social
anchoring biases that significantly shifted triage recommendations
in edge cases.Wewill extend evaluation to all 16 factorial conditions,
including demographic framing and barriers to care, measuring
how hallucination and safety metrics shift across model families,
and plan to introduce additional factorial conditions.

Hallucination mitigation. The accuracy-faithfulness tradeoff
is the central unsolved problem, the most accurate model fabri-
cates in 69.2% of its explanations. We will test retrieval-augmented
generation and faithfulness-aware fine-tuning to close this gap.

A better judge. The current single-model judge cannot reliably
capture all fabrications. We plan to improve judge prompts, explore
stronger models, and evaluate an LLM council with adjudication
for more reliable hallucination verdicts.

Open benchmark release. Once complete, we will release the
full pipeline, vignette dataset with provenance metadata, judge
prompts, andmetricsmodule as a reusable open benchmark, directly
addressing the reproducibility gap in clinical AI evaluation.

6 CONCLUSION

Consumer health AI is making triage decisions at scale without the
evaluation infrastructure to match. This study shows that response
accuracy alone is insufficient: the most accurate model (ChatGPT
Health) fabricates clinical details in 69.2% of its explanations [10],
prompt format shifts accuracy by up to 20.5%, and emergency-level
cases are under-triaged at rates as high as 43.6%, none of which sur-
face in a score that measures accuracy alone. Gemma 2 9B emerges
as themost practical open-source option, matching ChatGPTHealth
within 5% on accuracy while offering a more balanced safety profile.
These findings point to a clear need for multi-metric evaluation
infrastructure in clinical AI: reproducible, hallucination-aware, and
safety-sensitive. The pipeline, benchmark, and roadmap presented
here are a step toward establishing that standard.
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