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Abstract

Medical benchmark datasets significantly contribute to devel-
oping Large Language Models (LLMs) for medical knowl-
edge extraction, diagnosis, summarization, and other uses.
Yet, current benchmarks are mainly derived from exam ques-
tions given to medical students or cases described in the med-
ical literature, lacking the complexity of real-world patient
cases that deviate from classic textbook abstractions. These
include rare diseases, uncommon presentations of common
diseases, and unexpected treatment responses. Here, we con-
struct Clinically Uncommon Patient Cases and Diagnosis
Dataset (CUPCase) based on 3,562 real-world case reports
from BMC, including diagnoses in open-ended textual format
and as multiple-choice options with distractors. Using this
dataset, we evaluate the ability of state-of-the-art LLMs, in-
cluding both general-purpose and Clinical LLMs, to identify
and correctly diagnose a patient case, and test models’ perfor-
mance when only partial information about cases is available.
Our findings show that general-purpose GPT-40 attains the
best performance in both the multiple-choice task (average
accuracy of 87.9%) and the open-ended task (BERTScore F1
of 0.764), outperforming several LLMs with a focus on the
medical domain such as Meditron-70B and MedLM-Large.
Moreover, GPT-40 was able to maintain 87% and 88% of its
performance with only the first 20% of tokens of the case pre-
sentation in multiple-choice and free text, respectively, high-
lighting the potential of LLMs to aid in early diagnosis in
real-world cases. CUPCase expands our ability to evaluate
LLMs for clinical decision support in an open and repro-
ducible manner.

Introduction

Large Language Models (LLMs) have demonstrated promis-
ing results in the medical field (Zhou et al. 2023), including
when general-purpose LLMs (such as GPT-4) are applied to
medical tasks. For example, GPT-4 showed promising per-
formance in the United States Medical Licensing Examina-
tion (Nori et al. 2023), interpreting medical concepts (diag-
noses, procedures, and drug codes) (Shoham and Rappoport
2024b), rare disease prediction (do Olmo et al. 2024), and
more.

Clinical LLMs (CLLMs) are specialized LLMs focused
on the clinical domain, as opposed to general-purpose
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LLMs. Examples of CLLMs include Meditron (Chen et al.
2023), MedLM (Singhal et al. 2023), BioMistral (Labrak
et al. 2024), and Llama3-OpenBioLLM (Ankit Pal 2024).
CLLMs have several applications, such as disease prediction
(Shoham and Rappoport 2024a), medical chatbots, health-
care education, text generation, and more (He et al. 2024).

To evaluate the performance of LLMs and CLLMs,
medical clinical benchmarks are required. Notable exam-
ples of existing benchmarks in the medical domain in-
clude PubMedQA (Jin et al. 2019), which focuses on
question-answering over PubMed-derived questions; Clin-
icalBench (Liu et al. 2024), which covers tasks such as
treatment recommendation and hospitalization summariza-
tion; and BioASQ-QA, which involves biomedical question-
answering, document retrieval, text snippet extraction, and
summarization (Krithara et al. 2023). Additionally, some
benchmarks are specifically designed for medical exam
questions, such as MedQA (Jin et al. 2021) and MedMCQA,
which are multiple-choice QA datasets tailored to medical
entrance exam scenarios (Pal, Umapathi, and Sankarasubbu
2022). Given their origin, these medical benchmarks often
focus on evaluating LLMs’ knowledge based on standard
medical literature and fail to assess many skills necessary
for deployment in a realistic clinical decision-making envi-
ronment (Hager et al. 2024; Mehandru et al. 2024). In par-
ticular, showed that only 5% of reviewed works used real
patient care data for LLM evaluation (Bedi et al. 2024).

To complement these previous efforts, we propose using
published case reports as a benchmark for LLMs. Clini-
cal case reports are detailed accounts of individual patient
cases that highlight unique or rare conditions, treatments, or
outcomes, often providing insights into new or unusual as-
pects of medical practice. Published in scientific journals,
they serve as valuable educational resources, contributing
to medical knowledge by documenting specific clinical sce-
narios that may not be covered in larger studies. Published
patient case reports offer crucial insights beyond the scope
of traditional textbooks. These reports can reveal significant
scientific observations that might be missed in clinical tri-
als, and expand our understanding by introducing novel find-
ings and scenarios that deviate from classical cases (Cohen
2006).
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Figure 1: Schematic flow of the dataset curation process.

Related Work

Several benchmarks were designed specifically to evaluate
the performance of LLMs in rare diseases. For instance,
(Reese et al. 2024) assessed the diagnostic accuracy of GPT-
4 on 5,000 rare disease cases. RareBench (Chen et al. 2024)
is a recent benchmark developed for rare diseases, demon-
strating the potential of integrating LLMs into the clinical
diagnostic process for these conditions. Another benchmark,
RareDis (Martinez-deMiguel et al. 2022), includes 1,041 pa-
tient cases. Additionally, (do Olmo et al. 2024) found that
GPT-4 and Claude achieved the highest performance in di-
agnosing rare diseases, based on evaluations of 200 synthetic
patient cases and 275 publicly available patient cases. How-
ever, our proposed benchmark is not specific only to rare
diseases.

Although existing previously published clinical bench-
marks of rare diseases identification, these benchmarks do
not address other complex patient cases, such cases may in-
clude uncommon presentations of common diseases or un-
expected treatment responses. (Rios-Hoyo et al. 2024) ex-
amined complex medical cases from a single center (Mas-
sachusetts General Hospital Case Records) and asked GPT-4
to generate diagnoses. They found that GPT-4 provided the
correct diagnosis on the first attempt in 42% of the cases.
However, they did not evaluate CLLMs, and their dataset
consisted of only 75 medical cases. Another relevant work
by (Kanjee, Crowe, and Rodman 2023) explored complex
diagnostic identification beyond rare diseases. They applied
GPT-4 to 70 complex cases from BMJ New England Jour-
nal of Medicine clinicopathologic conferences. Their dataset

was extracted from these conferences and included cases
with final pathological diagnoses used for educational pur-
poses. They found that GPT-4 achieved an accuracy of 39%
on the first prediction attempt in their evaluation of open
questions.

In contrast to previous studies, our work introduces a sub-
stantial dataset for evaluation, comprising 3,562 patient case
presentations across a diverse array of clinical conditions,
significantly expanding beyond the sample of about 75 cases
in prior work. Moreover, our dataset is designed for scalabil-
ity, allowing for easy expansion with additional case presen-
tations from various journals using our generic open-source
code. Importantly, our dataset encompasses a wide spectrum
of scenarios, including rare diseases, uncommon presenta-
tions, and complex cases that deviate from classic medical
knowledge. The dataset is also not confined to a single med-
ical center, geographic location, or specific clinical practice
(i.e. Rheumatology, Oncology, etc.).

Along with the newly constructed benchmark dataset, we
conducted a thorough evaluation of current state-of-the-art
LLMs, both specialized for the medical domain and general-
purpose and included open and closed-source models. We
evaluated the models in two tasks using zero-shot learn-
ing. The first task involved multiple-choice questions, where
strong distractors were introduced by selecting choices with
high semantic similarity. The second evaluation task re-
quired the models to generate a response to an open-ended
diagnosis question, which emulates more closely the uncon-
strained nature of real-world diagnosis. In this approach,
there are no options to choose from and the model is asked
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to generate the most probable diagnosis. In both evaluations,
GPT-40 achieved the best performance: 87.9% accuracy for
multiple-choice questions and a BERTScore F1 of 0.7642
for free-text responses. Additionally, we found that general-
purpose LLMs, such as GPT-4, outperformed CLLMs which
were fine-tuned for the clinical domain.

Method
Dataset Curation

We extracted case reports from the BMC Journal of Medi-
cal Case Reports, spanning 2012 to 2020. We used a Python
script to extract the “case presentation” section of each re-
port, which includes free text and images. To preprocess the
dataset for evaluation, we utilized the GPT-40-mini model
through an API to remove any references to the final diag-
nosis and any follow-up treatments mentioned after the di-
agnosis, which we then validated. We iteratively altered the
prompt by preprocessing 35 random samples ( 1%) and man-
ually evaluating the extraction and removal of the final diag-
nosis and the removal of any follow-up treatment. This step
revealed limitations to the prompt, where the model would
not follow instructions, or perform the removal of the final
diagnoses from the text. Once the optimal prompt was se-
lected, we applied the removal process to the entire dataset.
The prompt used is:

Below is a case presentation of a patient, please re-
move any explicit reference to the final diagnosis from
the text. Additionally, remove any information about
the patient’s condition or treatment after the final di-
agnosis is made. Do not remove any references to Fig-
ures or Images in the text like (Fig 1.)

Return both the final diagnosis and the clean text sep-
arately as follows:

Clean text: (clean text)

Final diagnosis: (final diagnosis).
Here is the Case presentation: {case presentation }

We then performed another manual validation of the pre-
processing step by randomly selecting 35 samples ( 1%
dataset size) and validating the accurate extraction of the fi-
nal diagnosis, removal of any explicit mention of the final
diagnosis, and any follow-up treatment from the case pre-
sentation text. This validation showed that all 35 randomly
selected samples were successfully extracted for the final di-
agnosis and did not include any follow-up treatment. How-
ever, validation also revealed that 5 out of 35 (14%) samples
still explicitly mentioned the final diagnosis in the case pre-
sentation text. To address this, we used another prompt ex-
plicitly mentioning the final diagnosis to be removed from
the text:

“Here is a case presentation, please remove any ref-

erence to the final diagnosis: {final_diagnosis} re-
turn the result as follows - Clean text: clean_text
end.{case_presentation}”

Further validation of another 35 randomly selected samples
confirmed that all of these samples ( 1%) were successfully
excluded for the final diagnosis, ensuring that the final diag-
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True Diagnosis Distractor A Distractor B Distractor C

Hypocomplementemic
urticarial vasculitis

Urticaria,
unspecified
Kearns-Sayre
syndrome, right
eye

Vibratory

L Solar urticaria
urticaria

Hurler-Scheie
syndrome

Goniosynechiae,

Gorlin syndrome right eye

Table 1: Sample of true diagnoses with ICD-10-CM codes’
long description used as distractors.

nosis was no longer explicitly mentioned in the case presen-
tation text.

Next, we employed the JINA Al embedding model
(Giinther et al. 2023) to convert the final diagnosis into a
768-dimensional vector. This model was selected for its ef-
ficacy in capturing the semantics of short medical text em-
beddings, based on the findings of Excoffier et al. (2024)
(Excoffier et al. 2024). Using the same model, we embedded
the long descriptions of all 94,766 ICD-10-CM diagnoses
into vectors of the same size. An example of the ICD-10-
CM sample is presented in Table 1.

The final dataset includes 3,562 patient cases, covering
a wide variety of medical disciplines. The most prominent
ones are Oncology (18.4%), Infectious Diseases (10%), and
Neurology (9.88%). Other substantial disciplines include
Gastroenterology (5.17%), Cardiology (4.27%), and Obstet-
rics and Gynecology (4.39%). A complete list is provided in
Appendix A.

We calculated cosine similarity between the final diagno-
sis vector and the ICD-10-CM vectors to identify the top
four most similar diagnoses to the final diagnosis. The sec-
ond, third, and fourth closest diagnoses were set as distrac-
tors for the multiple-choice version of the dataset, under the
assumption that the first match would likely be the correct
diagnosis. This step was also validated in two ways: (a) ran-
domly sampling 35 samples ( 1%) of the dataset and manu-
ally validating that the distractors do not contain the correct
diagnosis, and (b) plotting the distribution of BERT scores
F1 between the correct diagnoses and distractors selected, as
shown in Figure 2. The figure shows all three distractors are
closely distributed with means 69.5%, 68.6%, 68% for dis-
tractors 2, 3, and 4, respectively. This supports the claim that
the distractors and correct diagnoses are semantically simi-
lar, as shown by the mean BERTScore F1 of the distrctors,
rather than solely by the cosine similarity of their embedding
vectors.

Ultimately, this process resulted in two datasets: one for
QA, containing the correct final diagnosis and three distrac-
tors, and another with the free-text final diagnosis. The fi-
nal dataset includes 3,562 patient cases and summary statis-
tics about it are presented in Table 2. Although we focus on
the text of cases, the dataset includes images as well, which
facilitates the evaluation of multi-modal models in future
work. The entire method flow is presented in Figure 1, vi-
sually representing our dataset curation and preprocessing
steps.



Statistic Case Presentation Diagnosis

# of samples 3,562 3,271
Minimum length 69 2
Maximum length 3,876 86
Average length 938 11
Median length 837 10
75th percentile 1,160 14
95th percentile 1,774 23

Table 2: General statistics for the dataset, # of samples, indi-
cates unique case presentations and unique diagnoses based
on exact match only. Number of tokens for case presentation
texts and final diagnosis texts in CUPCase, using Llama3-8B
tokenizer, rounded to the nearest whole number.

[ Distractor 2
[ Distractor 3
[ Distractor 4

0.3

0.4 0.5 0.6 0.7
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Figure 2: Distributions of BERTScore F1 between selected
distractors and correct diagnoses, a BERTScore F1 of 1 in-
dicates most similar, while O indicates least similar.

Experiments

We evaluated both general-purpose LLMs and CLLMs on
our dataset, CUPCase. The general-purpose LLMs included
in our evaluation are LLlama3 and Llama3.1 (8B and 70B
for both) (Dubey et al. 2024) and GPT-40 (Achiam et al.
2023). The CLLMs evaluated are BioMedGPT-LM-7B (Luo
et al. 2023), Meditron (7B and 70B) (Chen et al. 2023),
Meerkat (Kim et al. 2024), BioMistral-7B-DARE (Labrak
et al. 2024), MedLM (Large) (Singhal et al. 2023), and
Llama3-OpenBioLLM (8B and 70B), which continues in-
struction tuning on medical data from Llama3-70B-Instruct
(Ankit Pal 2024). Our evaluation is based on zero-shot learn-
ing due to the length of the case reports. We conducted two
experiments to evaluate various LLMs on CUPCase. The
first experiment involved creating multiple-choice questions
where the LLM chooses one option out of four. In the second
experiment, we prompted the LLM to generate a diagnosis
and then we evaluated the performance based on text simi-
larity between the target disease and the predicted diagnosis.

Multiple-Choice Evaluation

In the first experiment, we evaluated CUPCase using a
multiple-choice format. Each question consists of a general
prompt, a patient case presentation, and four options: three
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distractors and one correct answer in a random order. Nearly
all models (except GPT-40 and MedPalm) were evaluated
using the lm-evaluation-harness (Gao et al. 2023) python
package on NVIDIA RTX6000 GPU. For these models, we
chose the diagnosis with the highest probability out of the
four options. The probability for each diagnosis is based on
the likelihood of generating that diagnosis given the context
of the text. For GPT-40 and MedPalm, we used API access
to prompt the model to indicate the correct option (A, B, C,
or D) from the provided choices.

Our metric for the multiple-choice evaluation is accu-
racy, as the options are balanced by shuffling four op-
tions. GPT-40 achieved the highest accuracy with a score
of 87.9%. Following closely is Llama3-70B Instruct with
an accuracy of 85.7%. Other LLMs with similar perfor-
mance include Meditron-70B at 85.55% and Llama3.1-70B
Instruct at 84.8%. GPT-4o is the best general-purpose LLM,
while Meditron-70B is the leading clinical LLM. Despite
being designed as expert clinical models, all the CLLMs
underperformed compared to some general-purpose mod-
els, including GPT-40 and Llama3-70B Instruct. Addition-
ally, Llama3 OpenBioLLM 70B, which did continuous pre-
training from Llama3-70B Instruct on medical instructions,
achieved lower accuracy compared to Llama3-70B Instruct.
Among the 7B/8B LLMs, Meditron-7B achieved the highest
accuracy with 82.27%, though this is still significantly lower
than the 87.9% achieved by GPT-40. Results are presented
in Table 3.

Free text Evaluation

In the second experiment, we evaluate CUPCase using an
approach that we believe is more suitable for real-world sce-
narios. As in real-world situations, there are no closed ques-
tions, but open-ended questions make more sense. There-
fore, in the free-text evaluation, using zero-shot learning, we
provide the LLMs with a case presentation and ask them to
generate the predicted disease for the case presentation. For
this task, the same CUPCase dataset was used. The results of
this free text evaluation are presented in Table 3. The metric
is BERTScore F1, as we want to estimate based on semantic
similarity (Zhang et al. 2019). GPT-40 demonstrates the best
results, with a BERTScore F1 of 76.42%, showing a signif-
icant improvement compared to CLLMs such as MedLM-
Large, which shows the highest results for this evaluation.
Although Meditron-70B achieves the highest accuracy in
multiple-choice evaluations on our dataset, it achieved a
BERTScore F1 of only 59.77%, which is lower than the
71.32% of MedLLM-Large and other CLLMs. Similarly, as
observed previously, Llama3-OpenBioLLM-70B underper-
formed compared to Llama3-70B-Instruct, despite being a
continuation of Llama3-70B-Instruct and being trained on
medical instructions. BioMistral achieved a BERTScore F1
of 61.13% and outperformed Meditron-70B in this experi-
ment, despite having only 7 billion parameters compared to
Meditron-70B’s 70 billion parameters. Another interesting
result is that Llama3.1-8B-Instruct achieved a BERTScore
F1 of 66.97%, compared to 50.69% for Llama3-8B-Instruct.



Model Accuracy Std BERTScore F1  Std
GPT-40 87.90 2.22 7642 0.96
Llama3-70B Instruct 85.70 1.21 72.67 043
Llama3.1-70B Instruct 84.80 0.86 72.31 0.51
Llama3.1-8B Instruct 81.02 140 66.97 0.60
Llama3-8B Instruct 80.05 1.92 50.69 0.63
Clinical LLMs

Meditron-70B 85.55 092 59.77  0.30
MedLM-Large 84.40 1.57 71.32  0.56
Llama3 OpenBioLLM 70B 84.27 1.31 65.22 0.38
Meditron-7B 82.27 1.37 59.19 0.59
Bio Mistral 81.55 1.82 61.13 1.12
BioMedGPT 79.62 1.08 65.22 0.38
Llama3 OpenBioLLM 8B 7175 1.79 64.29 0.78
Meerkat 7747 1.65 51.08 0.70

Table 3: Zero-shot evaluation results for multiple-choice question-answering. Mean accuracy and standard deviation were
calculated using 8 bootstrap samples of 500 samples each. For GPT-40 and MedLM-Large, we utilized four bootstrap samples,

each comprising 250 samples, due to cost constraints.

Cumulative Information Analysis

To further investigate the diagnostic inference capabilities
of general-purpose LLMs when processing medical case re-
ports, we conducted a sensitivity analysis using a cumulative
information approach. This involves incrementally provid-
ing the model with increasing percentages of tokens from
the case presentation text (i.e. the first 20% of the tokens in
the case presentation, then the first 40% and so on), allow-
ing us to assess the relation between the amount of clinical
information and the diagnosis accuracy of the model. This
approach is justified by the fact a case presentation is written
in chronological manner, describing the patient’s timeline in
the clinic throughout the diagnosis process (Cohen 2006).
The cumulative information analysis serves as an evalua-
tion metric for LLMs’ performance in patient diagnosis as-
sistance. By simulating the iterative nature of the diagnos-
tic process, where patient information is gathered progres-
sively through various clinical means. This approach offers
insights into the models’ ability to formulate correct diag-
noses with limited information. Future work can use this
analysis to explore the superiority or inferiority of the model
compared to the physician.

Figures 3 and 4 show the performance of our two evalu-
ations (multiple-choice and free-text) with varying percent-
ages of tokens in the case presentation text, based on the
Llama3.1-8B tokenizer. We show results for both the best-
performing LLM (GPT-40) and a smaller LLM (Llama3.1-
8B Instruct). As illustrated in these graphs, and as expected,
the performance improves as the percentage of the case pre-
sentation text considered increases, for both multiple-choice
and free-text evaluations, indicating more context results
in better diagnosis prediction. For the free text generation,
GPT-40 was able to achieve an average BERT Score F1 of
67.74% + .5, retaining 88.6% of the performance using the
entire case presentation text, with only 20% of the tokens.
Multiple-choice settings results (mean accuracy and stan-
dard deviation of 76.8% = 3.46) show similar results with
GPT-4o retraining 87.3% of performance with only 20% of
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the tokens in the case presentation. This reservation of per-
formance is a good sign as it stimulates real-world scenarios,
where context about the patient is incrementally added in the
diagnosis process, supporting claims these models can pro-
vide diagnostic assistance.

Error Analysis

We performed an error analysis by providing two examples
to two physicians to investigate and provide a deeper under-
standing of the model’s behavior. For the error analysis, we
used the best-performing LLM (GPT-40).

We employ two expert radiologists for the task, hence
selecting two case reports from the dataset in the field of
Rheumatology. We provide the physicians with a clean case
presentation, the correct final diagnosis, and the model-
generated diagnosis. We ask the physicians to describe why,
in their medical opinion, the model mistakenly diagnosed
the case, considering the reported patient background, symp-
toms, tests, procedures, and described imaging results. We
also asked each physician to determine whether they be-
lieved a trained physician was likely to make the same mis-
take as the model.

Case 1: The first case describes a 48-year-old Thai
woman (Martviset et al. 2020), who was ultimately diag-
nosed with Balantidiasis by the model, where the correct
diagnosis was Clinically suspected SLE with lupus nephri-
tis. Considering this case, the first physician, an experienced
Rheumatologist explained he expected the model to diag-
nose a lupus-related diagnosis correctly until Balantidium
was repeatedly (three times) found in the patient’s urine. The
absence of further systematic lupus symptoms left the diag-
nosis unclear. Ultimately, the physician claims a diagnosis of
Balantidiasis could explain many of the patient’s symptoms
and test results, including the anemia, the urine findings, and
the patient’s origin.

Case 2: The second case describes an 88-year-old Cau-
casian woman, who was ultimately diagnosed by the model
with Wegener’s Granulomatosis (now known as GPA),
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Figure 3: Accuracy per percentage of tokens in the case
presentation text. The error bar represents the standard
deviation.

where the correct diagnosis was Polyarteritis Nodosa (PAN)
(Ortu et al. 2013). Considering this case, the second physi-
cian, also an experienced Rheumatologist mentioned the di-
agnosis in this case is difficult even for an experienced physi-
cian. In his opinion, the model might have been mistaken
due to several factors. First, ear, nose, and throat (ENT) in-
volvement exists, which is much more common in GPA than
PAN. Moreover, some key features of PAN were missed,
specifically, necrosis of the palate and fibrinoid necrosis in
a biopsy. Another factor is elevated blood pressure, which is
prevalent in PAN but could be caused by other conditions.
Kidney involvement is prevalent in both diagnoses could
also contribute to the mistake. Last, in recent years, PAN
was mostly associated with Hepatitis B (HBV) and some-
times Hepatitis C (HCV), but nowadays, HBV is mostly vac-
cinated. Hence, the model might have mistaken the negative
HBYV test as a negative predictor for PAN, steering the diag-
nosis in another direction.

Overall, this error analysis cases, while specific and ad-
dressing Rheumatology, can indicate the difficulty and in-
tricacies of the constructed dataset. Furthermore, we be-
lieve the analysis shows a physician could have made the
same mistaken diagnosis, and we, therefore, hypothesize
the model’s error may not come from a lack of knowl-
edge but rather an abundance of other general knowledge in
medicine. This preliminary conclusion can suggest the need
for specialized models dealing with these uncommon cases
as shown in previous studies (Liu et al. 2023).

Discussion

Although being a general LLM, GPT-40 achieved the best
performance in both multiple-choice and free-text evalua-
tions. However, since GPT-40 is not open-source, its use
in real clinical settings for diagnosing patient case pre-
sentations may pose privacy concerns. For the multiple-
choice evaluation, Llama3-70B Instruct, an open-source
model, achieved the second-best performance. Unlike GPT-
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40, Llama3-70B Instruct can be used locally without pri-
vacy issues. However, its mean accuracy is 2.2% lower
(absolute) than that of GPT-40. The relative difference in
accuracy is 2.57%. All models demonstrated significantly
higher accuracy compared to random guessing (25%), in-
dicating their capability to understand the task and provide
meaningful answers in most cases. In the free-text evalua-
tion, Llama3-70B Instruct was the second-best model, with
a mean BERTScore F1 score 3.75% lower (absolute) than
GPT-40. The relative difference in accuracy is 5.16%. Over-
all, GPT-40 was the top-performing model in both evalua-
tions, with Llama3-70B Instruct coming in second.

Our evaluations on our proposed CUPCase dataset
showed that general-purpose LLMs, such as GPT-40 and
Llama3-70B Instruct, outperformed other models, includ-
ing CLLMs that were specifically fine-tuned for the clinical
domain using continuous pre-training or instruction-tuning.
These results suggest that current state-of-the-art CLLMs
may need further improvement compared to general-purpose
LLMs, even for clinical tasks. This finding is consistent with
other works, such as MedConceptsQA (Shoham and Rap-
poport 2024b), which presented similar claims for different
clinical tasks.

LLMs with a high number of parameters can be chal-
lenging to deploy in production because of potentially high
resources demands and relatively high costs. Moreover,
particularly non-open-source models such as GPT-40 and
MedLM-Large may not be used due to clinical data privacy
concerns. As shown in the multiple-choice experiment, the
highest accuracy among ’small’ (7B-8B) LLM:s is achieved
by Meditron-7B, with an accuracy of 82.27%. However, this
result is 5.63% lower in absolute accuracy compared to the
best model, GPT-40. In the free-text evaluation, Llama3.1-
8B Instruct achieved a BERTScore F1 of 66.97%, which is
9.45% lower in absolute BERTScore F1 compared to GPT-
40. These results suggest that the smaller models offer lower
performance, but these models provide alternatives in terms



of privacy and reduced production costs.

In this paper, we proposed the CUPCase dataset primar-
ily as a resource for evaluating language models’ knowledge
and diagnostic ability. Our promising evaluation results sug-
gest that LLMs have the potential to be utilized to diagnose
patient case presentations. For instance, doctors could use
LLMs to assist with complex patient cases by obtaining pos-
sible diagnoses through free-text generation. Another poten-
tial application is using LLMs to identify target diseases for
billing purposes and for alerting for misdiagnoses.

Limitations

Our work has several limitations. Our dataset contains case
presentations solely from the BMC Journal of Medical Case
Reports, and may not fully represent the entire clinical do-
main. However, our open-source code can be easily used to
expand the dataset to other sources. Additionally, while we
employ manual validation of randomly sampled examples of
the CUPCase dataset, manually validating the entire dataset
can further ensure the validity of all the samples. Moreover,
we used only zero-shot learning for evaluation, as the texts
are longer and contain an average of 938 tokens according
to Llama3-8B tokenizer. However, this represents the real
world where LLMs are limited by a number of input tokens.
Additionally, we used only the text from the case presenta-
tions and did not include complementary information like
figures. Another limitation is that we cannot be certain that
the dataset case presentations were not included in the train-
ing data of the evaluated LLM:s.

Future Work

This work sets the path for multiple future works. Given the
multimodality of the dataset (which contains both texts and
images), a natural future direction is to evaluate the perfor-
mance of multi-modal language models on the multi-modal
dataset. Future work, building upon this dataset can also
conduct experiments concerning rare diseases specifically,
which could provide insights into how well LLMs and Clin-
ical LLMs perform for the diagnosis of rare cases. Addi-
tionally, As our error analysis indicates, challenging exam-
ples often require domain-specific expertise for accurate re-
sponses. Consequently, we think that a mixture-of-experts
approach, where each expert is a fine-tuned model specializ-
ing in a specific clinical domain, may improve the diagnostic
performance of case presentations (Cai et al. 2024).

Data and Code availability

The complete dataset constructed in this study is available at
the following link: https://huggingface.co/datasets/ofir408/
CupCase. All code for preprocessing, dataset construction,
and evaluations can be found in the corresponding GitHub
repository: https://github.com/nadavlab/CUPCase.
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Appendix A
Medical Disciplines in CUPCase

Medical Discipline % of Samples
Oncology 18.43
Infectious Disease 10.00
Neurology 9.88
Gastroenterology 5.17
Cardiology 4.27
Obstetrics and Gynecology 4.39
Hematology 4.16
Endocrinology 4.04
Orthopedics 3.71
Ophthalmology 3.37
Rheumatology 2.81
Pulmonology 2.47
Dermatology 2.47
Emergency Medicine 2.13
Surgery 2.13
Nephrology 2.36
Psychiatry 1.69
Pediatrics 1.35
Allergy and Immunology 1.35
Urology 1.24
Otolaryngology (ENT) 0.79
Internal Medicine 0.56
Neurosurgery 0.45
Anesthesiology 0.22
Physical Medicine and Rehabilitation 0.22
Vascular Surgery 0.11
Pathology 0.11
Radiology 0.11

Table 4: Percentage of Samples by Medical Discipline
(Sorted by Percentage)
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