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Abstract

In this paper, we introduce S-MedQA, an
English medical question-answering (QA)
dataset for benchmarking large language mod-
els (LLMs) in fine-grained clinical specialties.
S-MedQA has over 24k examples, covers 15
medical specialties, and QA pairs can have
multiple specialty annotations, e.g., when a
question is cross-disciplinary, constructed with
both machine and expert verification to maxi-
mize data availability and reliability. We use
S-MedQA to investigate the role of clinical spe-
cialties in the knowledge-intensive scenario of
medical QA. Our results show that 1) train-
ing on data from a clinical specialty does not
necessarily lead to best performance on that
specialty, and 2) regardless of the specialty the
LLM was fine-tuned on, token probabilities of
clinically relevant terms increase consistently
across all specialties. Thus, we hypothesize
improvement gains, at least in our settings, are
derived mostly from domain shifting (e.g., gen-
eral to medical) rather than specialty-specific
knowledge injection, and suggest rethinking the
role of fine-tuning data in the medical domain.
To motivate further advancements in the clin-
ical NLP field, we release S-MedQA and all
code needed to reproduce all our experiments
to the research community.'

1 Introduction

Multiple-choice question-answering (QA) datasets
are widely used to benchmark large language mod-
els (LLMs) in the medical domain (Singhal et al.,
2023; Labrak et al., 2024) and guide the develop-
ment of medical LLMs (e.g., PubMedQA, Jin et al.,
2019; MASH-QA, Zhu et al., 2020; MedQA, Jin
et al., 2021; MedMCQA, Pal et al., 2022). How-
ever, specialized hospitals may require LLMs to
address specific clinical problems and are often
interested in performance within one or a few clin-
ical specialties (e.g., obstetrics or oncology). To
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1https ://github.com/nlp4health-1lab/S-MedQA

the best of our knowledge, no open-source medical
QA datasets include clinical specialty annotations.

To address this gap, we propose S-MedQA, the
first English medical QA dataset with multiple
clinical specialty annotations (see Figure 1 for an
overview, and §2 for details). We build S-MedQA
based on the widely used MedQA (Jin et al., 2021)
and MedMCQA (Pal et al., 2022) datasets, incor-
porating both machine and expert verification to
semi-automatically map samples onto clinical spe-
cialties at scale, while guaranteeing the quality of
the annotations. We first use multiple prompts and
a majority voting mechanism to label QA pairs with
a single specialty. S-MedQA includes 15 special-
ties, each with hundreds to thousands of samples,
and single specialty expert validation shows up to
97.8% accuracy in this annotation (see §2 for de-
tails). In order to account for cross-disciplinary
questions, the second step is to expand single-
specialty annotations into multiple specialties. We
use a multi-label conformal prediction procedure
with coverage guarantees. We annotate a held-out
set of QA pairs with medical experts with a Jaccard
Similarity of 0.82, and build a conformal multi-
label annotation procedure that leads to a precision
of 0.69, recall of 0.52, 24% exactly correct predic-
tions, and an average number of labels of 1.55.

Different clinical specialties can have very dif-
ferent amounts of available data (e.g., see Figure 2).
We thus first use our dataset to address the follow-
ing research question (§3.2): to what extent can
LLMs use the knowledge learned from a clinical
specialty to answer questions about other special-
ties? We investigate Zhou et al. (2024)’s hypothesis
that almost all knowledge in LLMs originates from
pretraining, and that fine-tuning primarily serves
to shift the model toward a specific knowledge do-
main. To that regard, we first fine-tune LLMs on
one clinical specialty and evaluate on all other spe-
cialties. Interestingly, we find that the best results
often come from fine-tuning on unrelated clinical

8339

Proceedings of the 19th Conference of the European Chapter of the Association for Computational Linguistics
Volume 1: Long Papers, pages 8339-8358
March 24-29, 2026 ©2026 Association for Computational Linguistics


https://github.com/nlp4health-lab/S-MedQA

Manual Validation

MedQA + Prompts - .
MedMCQA o1 Majority Voting Q [Train (1000) + Test/Val (ALL)] §
P2 22 “Is GPT correct, Y/N?" Y
v 5
Sample 1 ” ——a : R
P4 5 Vs g
P5 : Krippendorff's alpha  Accuracy <
=83.6% = 90.8%-97.8%
A+ 558 2
Q Threshold = R Qgg =+
— : [1-p(Cn)] <
camnei | calioration )25 90% Quantile ®
ample i Inter-Annotator Agreement ‘ o
Brati °
‘Q 1-p = Threshold / (Calibration + Test) 8
s
=
Set Precision = 0.69 Set Recall = 0.52 Jaccard Similarity = 0.82 a

Exact match = 24% Average # labels = 1.55

R Medical Expert

g Medical Student

Figure 1: Overview of S-MedQA'’s construction process. For single specialty annotation of each sample, we
generate predictions using 5 different prompts and only keep those where predictions agree (3+, 4+, or 5 times). A
medical expert manually annotates S-MedQA’s entire validation and test set. We randomly sample 1, 000 questions
from our train set and ask multiple medical experts to evaluate GPT-3.5’s predictions (we detail inter-annotator
agreement in §2.2), achieving accuracies ranging from 90.8-97.8%. For multi-specialty annotation, we leverage
conformal prediction to assign labels across multiple clinical specialties, using a held-out set of 300 samples
manually annotated by the same medical expert and three medical students as calibration/test set, with a Jaccard
Similarity of 0.82, reflecting a high inter-annotation agreement. It achieves a set precision of 0.69, set recall of 0.52,
with 24% exactly correct matches and an average prediction length of 1.55.

specialties. E.g., fine-tuning with neurology data
performs best on cardiology domain, despite their
knowledge being largely unrelated. Moreover, al-
though different pre-trained LL.Ms exhibit different
knowledge transfer patterns across clinical special-
ties, neither of the LLMs we investigated show the
best knowledge transfer when training and testing
within a same clinical specialty.

These results lead us to take a step back and ask:
but are QA pairs from different clinical specialties
really different? To answer this question, in §3.3
we curate the relevant clinical terms (e.g., diseases,
procedures) for each clinical specialty using au-
thoritative resources—such as the SNOMED-CT
knowledge graph (Cornet and de Keizer, 2008)—to
effectively estimate the clinical knowledge overlap
between QA pairs across clinical specialties.

Finally, we ask how does the probability of
clinically-relevant terms for one specialty change
before and after fine-tuning the LLM? We address
this question in §3.4. We again use the clinical
terms curated in §3.3 and analyze changes in term
probabilities before and after fine-tuning on data
from the same vs. different clinical specialties. Our
results suggest that performance gains are driven

more by domain shifts (from general to medical)
than by fine-grained clinical knowledge injection.
Our main contributions are:

* We introduce S-MedQA, a medical QA
dataset spanning 15 clinical specialties with
24k QA pairs annotated with high quality and
human validated specialty annotations.

* We consider both single-specialty annotations
and multiple-specialty labels to account for
cross-disciplinary QA pairs.

* We systematically evaluate the impact of fine-
tuning 8 LLMs on cross-specialty medical QA
performance. Our findings indicate that per-
formance gains in medical QA tasks are pri-
marily driven by domain shifts rather than the
injection of specialty-specific knowledge.

* We release S-MedQA and all code necessary
for reproduction, providing the community
with a valuable resource for benchmarking
and improving medical LLMs.
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Figure 2: The distribution of all specialties classified by GPT-3.5. The dark blue specialties are the 15 we finally
included in our benchmark. Note that we conduct experiments on the 6 common specialties for simplicity.

2 Creation of S-MedQA

We now describe the creation of S-MedQA, a high-
quality benchmark for medical QA with clinical
specialty annotations. In Figure 1, we show an
overview of S-MedQA’s creation process.

Creating S-MedQA involves 1) using an LLM
to produce single medical specialty annotations for
each QA pair (§2.1), 2) a thorough human valida-
tion step to ascertain the quality and correctness
of the annotations (§2.2), and finally 3) using an
LLM to extend these single specialty annotations
to possibly multiple specialties whenever the ques-
tion requires so drawing on ideas from conformal
prediction (§2.3). We release multiple versions of
S-MedQA with varying accuracy/coverage trade-
offs, controlled by majority voting thresholds for
including examples. Users can opt for a cleaner
dataset with fewer samples or a noisier one with
more samples.

Data and splits. We source examples from
MedQA (Jin et al., 2021) and MedMCQA (Pal
et al., 2022), two widely used medical QA
datasets. MedQA samples follow their original
train/valid/test splits, whereas we only use MedM-
CQA’s training split as its test labels are not public.

2.1 Clinical specialty categorization

We consider the 55 medical specialties recognized
in the European Union for labeling (see §A.1).
Manually labeling QA examples with clinical
specialties is costly and time-consuming. We thus
first use GPT-3.5 to annotate samples with single
clinical specialties. Preliminary experiments us-
ing a single prompt to predict a single specialty
produced low accuracy annotations (~ 75%). To
improve this, we design five prompts (details in
§A.2) and predict single specialties with GPT-3.5
for each QA pair independently with each prompt.

Number of Votes (out of 5) 3+ 4+ 5
Cardiology 3,000 2,652 2,122

Neurology 2,954 2,419 1,627

Endocrinology 2,384 2,122 1,568

Infectious diseases 2,161 1,705 1,087
Hematology 2,005 1,746 1,332
Gastroenterology 1,934 1,594 1,176
Emergency medicine 1,597 1,098 629
Pediatrics 1,553 1,036 559

Nephrology 1,550 1,340 1,004

Respiratory medicine 1,253 825 395
Rheumatology 1,115 958 700

Obstetrics and gynecology 913 802 636
Oncology 770 570 300

Psychiatry 656 582 446

Dermatology 531 421 280

Total 24,306 19,290 14,261

Table 1: S-MedQA description. Number of samples of
the 15 specialties using different minimum numbers of
votes (3+, 4+, 5) in the train sets included in S-MedQA.

We then apply majority voting to decide on the
specialty for that QA pair (Ding et al., 2023; Goel
et al., 2023). Human evaluation shows accuracies
between 90.8%-97.8% (more details next in §2.2).

We exclude 3, 518 (11.5%) samples categorized
as Others since they mostly contain irrelevant clin-
ical information (see Appendix A.4 for examples
of exclusion), and then focus on 15 out of 55 spe-
cialties with more than 500 samples. The final
dataset comprises 24306 / 899 / 899 samples in
train/validation/test sets after human validation.

In Figure 2, we show the distribution of sam-
ples across specialties. We show the 15 specialties
we include in S-MedQA in dark blue, compris-
ing in total 70.0% / 70.7% / 70.1% of the entire
train / valid / test sets. In Table 1, we show the 15
specialties included in S-MedQA with the respec-
tive numbers of samples. The columns represents
majority voting with 3+, 4+, and 5 prompts.
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Prompts #1 #2 #3 #4 #5
76.0 72.8 73.0 73.8 80.2

Accuracy(%)

Table 2: Accuracy of each single prompt. Prompts #1
to #5 are shown in Figures 6—10 in Appendix A.2.

Number of Votes (outof 5) 3+ 4+ 5

90.8 948 97.8
89.1 69.0 49.2

Accuracy (%)
Coverage (%)

Table 3: Accuracy vs. coverage for majority voting
under different minimum number of votes.

2.2 Manual validation for single specialty
predictions

A medical expert labels all the examples in
S-MedQA'’s validation and test sets with the sin-
gle most correct clinical specialty. This expert
also validates 1, 000 random samples from the train
set, confirming whether the specialties predicted
by GPT-3.5 are correct.” Table 2 shows the cate-
gorization accuracies when using single prompts.
The accuracies when applying majority voting are
shown on top in Table 3. In general, when using
voting with multiple prompts, we see large per-
formance gains compared to using single prompts.
(e.g., from 72.8-80.2% to 90.8-97.8%).

In Table 3, we also show the accuracy vs. cov-
erage trade-off over the 1,000 random samples
from the train set for different requirements for ma-
jority voting. A higher quorum results in higher
accuracy (90.8 — 97.8) but greatly decreases the
coverage (89.1 — 49.2). We release per-prompt
single-specialty categorizations with votes for all
examples for users to decide their preference be-
tween accuracy and coverage—more data but pos-
sibly more noise or less noise but less data—based
on their specific use cases. We select ‘3+° as the
quorum in this study for adequate fine-tuning data.

Moreover, to assess the trustworthiness of the
medical expert, we randomly sample 200 from
the 1,000 examples and further ask three medi-
cal graduate students to validate the same examples
in the same procedure. We use Krippendorft’s al-
pha (Hayes and Krippendorff, 2007) to measure
the inter-annotator agreement among the four anno-
tators and obtain 83.6% (95% CI [69.0%, 93.9%]).

“This is the specialty that is the most relevant to the QA
pair. In this evaluation, we exclude any cases where there is
ambiguity in which clinical specialty is the most relevant.

2.3 From single to multiple clinical specialties

We devise a strategy based on conformal prediction
to expand clinical specialty annotations to possibly
multiple specialties if a QA pair requires so. Our
main idea is: 1) calibrate an LLM to find a thresh-
old that maximises multiple specialties’ prediction
accuracy in a calibration set; 2) use this threshold
to build a conformal classifier that predicts multiple
clinical specialties for each QA pair.

Calibration and test set. We curate a held-out
set of 300 samples, annotated independently by a
medical expert (300 samples) and three medical
students (100 samples each). We measure the Jac-
card Similarity between the expert and the students
for the inter-annotator agreement, with a similarity
score of 0.82. We use 200 examples (66.7%) as a
calibration set, and report results on the remaining
100 examples (33.3%).

Conformal threshold and set construction. Fol-
lowing Ke et al. (2025), we query GPT-3.5-Turbo
20 times per input question and predict
a single specialty C;. We then get frequencies
P(C;) over all possible output specialties (see
§A.1). We compute the non-conformity scores as
S; =1 — P(C;) and obtain a set of scores S, Sa,
..., Sp, per question. We set our acceptable error to
10% (o« = 0.1) and then use the (1 — &) quantile of
all the scores as the calibration threshold. At predic-
tion time, we also sample 20 times single specialty
categorization for each question, and compute the
per specialty scores. We include all specialties that
have lower score than the calibration threshold in
the final multi-specialty prediction.

We report key metrics computed on the testing
data. The number of instances where the predicted
label set exactly matched the true gold label set
was 24. Precision, defined as the proportion of
predicted labels that were correct, was 0.69. Re-
call, which measures the proportion of gold labels
correctly included in the prediction sets, was 0.52.
The average number of predicted labels was 1.55.

n =

3 Experiments

We first investigate how training LLMs on data
from a clinical specialty impacts their performance
on other specialties (§3.2). Our findings show that
training on one clinical specialty does not neces-
sarily lead to the best performance in that specialty.
We hypothesize whether QA pairs from different
clinical specialties are indeed very different from
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Text Input

Question: A 28-year-old male presents to the
emergency department with chest pain. He reports
that one hour ago he was climbing the stairs in his
home when he suddenly developed excruciating chest
pain. He describes the pain as ripping and
radiating to the back. The patient\u2019s past
medical history is significant for a heart murmur
that is being followed by his outpatient
cardiologist. He takes no medications. The patient
works as a carpenter and reports being monogamous
with his wife. He denies any history of intravenous
drug use or recent travel. In the emergency
department, the patient\u2019s temperature is
99.4\u@BboOF (37.4\udobeC), blood pressure is 94/56

mmHg, pulse is 121/min, and respirations are 14/min.

On physical exam, the patient appears to be in

moderate distress and is clutching his chest. He is
tall and has joint hypermobility. His breath sounds
are equal and full bilaterally and has weak distal
pulses.\n\nWhich of the following is most likely to

Text Output

Based on the patient's symptoms and physical examination
findings, the most likely diagnosis is a cardiac condition,
specifically a mitral valve prolapse (MVP) with
regurgitation.\n\nTherefore, the most likely murmur to be
found in this patient is:\n\nA. Holosystolic, high-pitched__ —~
blowing murmur at the lower left sternal border.\n\nThis is
because MVP is characterized by a holosystolic murmur,

which is a murmur that is heard throughout the cardiac
cycle, and is often described as a high-pitched blowing
sound. The location of the murmur at the lower left sternal
border is also consistent with MVP.\n\nThe other options

are not as likely to be found in this patient:\n\nB.
Systolic ejection murmur at the right second intercostal —
space: This type of murmur is more commonly found in
patients with aortic stenosis, and is not the most likely
diagnosis in this case.\n\nC. Late systolic crescendo — — __
murmur at the apex with mid-systolic click: This type of
murmur is more commonly found in patients with mitral valve
disease, but it is not the most likely diagnosis in this
case.\n\nD. Mid-diastolic murmur at the left lower sternal —
border: This type of murmur is not consistent with the
patient's symptoms and physical examination findings.

//> Model Answer (A)

Classifier
(Mistral-v0.2)

N, Explanations of
— — = Unselected Answers
;" B, ¢, D)

7

~

be found in this patient?

Options:

A. Holosystolic, high-pitched blowing murmur at the
lower left sternal border

First Token Probability

String Matching

B. Systolic ejection murmur at the right second
intercostal space | A | - | B | - | C | - | D | !
C. Late systolic crescendo murmur at the apex with H
mid-systolic click P(f‘) P(8) P(©) P(D) '
v

D. Mid-diastolic murmur at the left lower sternal !
border .4
Answer: C. Late systolic crescendo murmur at the “A"

apex with mid-systolic click

Suffer from selection bias Doesn't work

Figure 3: The illustration of first token probability, string matching, and our approach (classifier) to evaluating
LLMs performance on S-MedQA. We use text output instead of first token probability for evaluation because the
latter suffers heavily from selection bias in multiple-choice QA (Wang et al., 2024). However, string matching does
not work in some cases. Our classifier trained on Mistral-v0.2 works successfully with an accuracy of 96.5%.

each other. That leads us to quantify the overlap of
clinically relevant terms in train/test splits within
and across specialties (§3.3). Finally, we investi-
gate to what extent token probabilities of clinically
relevant tokens change when fine-tuning LLMs in
S-MedQA compared to non-clinical data (§3.4).

3.1 Experimental setup

To minimize potential evaluation bias, we follow
best practices to evaluate LLM performance on QA
datasets (1) by shuffling the order of the answers
multiple times and adding multiple shuffled QA
pairs in the test set, and (2) by using the entire an-
swer to a question instead of the LLM’s maximum
token probability among options A, B, C, D in the
answer (Zheng et al., 2023; Wang et al., 2024).
More specifically, in all test sets, we shuffle the
answers 5 times for each sample and add all these 5
entries to the final test set in case the model prefers
an option due to its position (Zheng et al., 2023).
To further improve the reliability, we follow Wang
et al. (2024) to train a classifier to match model
outputs to the options in a post-hoc step, instead
of using the maximum probability of options { A,
B, C, D} with a single next-token prediction step.
More concretely, we randomly select 150 train-
ing samples and generate answers for these with
four LLMs (Llama2-7b, Llama2-13b, Mistral-v0.1,
and Mistral-v0.2), resulting in 600 responses. We

manually annotate all the responses with the right
options and use these annotations to train a Mistral-
Instruct-v0.2 model as the classifier, with 400 (200)
train (test) samples. Our classifier achieves 96.5%
accuracy and we use it in all experiments.

Figure 3 illustrates the approach (classifier) we
use to evaluate the performance of the models and
addresses the issues with using the first token proba-
bility or simple string matching (Wang et al., 2024).
The classifier is trained based on Mistral-v0.2 and
applied in all experiments.

In all subsequent analyses below, we use the 6
most common specialties (Cardiology, Gastroen-
terology, Infectious diseases, Neurology, Obstetrics
and Gynecology, and Pediatrics). The number of
test samples in each specialty is 80, 83, 102, 74, 88,
and 90, respectively. The final number of samples
in the test set is 400, 415, 510, 370, 440, and 450
(i.e., times 5 shuffles).

3.2 Cross-specialty evaluation

We experiment with 8 open-source LLMs:
Llama2-Chat-7B, Llama2-Chat-13B, Llama-3.1-
8B-Instruct, Llama-3.2-3B-Instruct (Touvron
et al., 2023), Mistral-Instruct-v0.1, Mistral-
Instruct-v0.2 (Jiang et al., 2023) , Bio-Medical-
LLaMA-3-8B (ContactDoctor, 2024), and OLMo-
2-1124-7B-Instruct (OLMo et al., 2025). These in-
clude six general-purpose models (Llama-2, Llama-
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Test Sets Cardio Gastro Infect Neuro Obstetrics  Pediatrics avg.
Llama-3.1 64.0 67.5 65.3 66.8 65.0 64.5 65.5
Cardio 69.3 76.5 73.5 76.2 70.5 70.9 72.8
£ Gastro 68.2 73.3 71.8 74.6 69.3 69.2 71.1
2 Infect 65.8 74.2 69.5 725 66.6 66.7 69.3
é Neuro 69.9 76.4 72.3 76.9 69.5 71.7 72.8
Obstetrics 69.8 75.0 72.9 754 68.7 69.4 71.9
Pediatrics 66.9 75.0 759 68.7 70.2 714
Combined? 72.9 79.5 754 77.8 70.8 74.1 75.1

Table 4: Accuracy matrix for Llama-3.1-8B-Instruct. TModel is applied without finetuning. *Model is trained on
the combination of all 6 specialty train sets. For robustness, accuracies are computed as the average over the test
set with answer options shuffled five times. For each specialty, the best performance when fine-tuned on different
specialty datasets is in bold, and scores for models fine-tuned on the same specialty are underlined. Surprisingly,
none of the best performances come from models fine-tuned on their corresponding training sets.

3, and Mistral-based models), one biomedical
Llama model, and a fully open-source model
(OLMo).

We fine-tune each LLLM on the six per-specialty
training sets using prompts from §A.3, and evaluate
on all six test sets. Models are trained for up to
10 epochs, with selection based on per-specialty
validation accuracy. We also train on the combined
dataset to evaluate how exposure to larger and more
diverse data affects models’ performance. We use
LoRA (Hu et al., 2021) on all projection layers
for the fine-tuning process in all experiments with
the following hyperparameters: learning rate 2e-5,
rank 32, alpha 16, dropout rate 0.1, batch size 8.

Results. Table 4 shows the performance of
Llama-3.1-8B-Instruct fine-tuned independently on
each specialty and tested on all six specialty test
sets, as well as after fine-tuning on a combination
of all six specialties. Are improvements truly in-
dicative of knowledge acquisition or injection?
Notably, for models fine-tuned on individual spe-
cialties, none of the best performing models were
trained on the corresponding specialty’s training
data, e.g., the best performance on the Cardio test
set (69.9%) was achieved by the model trained on
Neuro. If the improvements were due to knowledge
injection, we would expect to see best-performing
models consistently along the diagonal (e.g., Car-
dio — Cardio, Infect — Infect, and so on). We
report results for other LLMs in §A.5 and note that
similar inconsistencies hold, whereas with differ-
ent transfer patterns across specialties. This pattern
suggests that performance gains from fine-tuning
primarily arise from factors other than knowledge
injection, partially supporting Zhou et al. (2024)’s
hypothesis in the clinical domain.

The number of per-specialty examples used to
train Llama-3.1-8B-Instruct is imbalanced (e.g.,
see Table 1). To tackle this imbalance, we ran-
domly select 913 samples from each of the six
specialties’ training data, which corresponds to the
least number of samples among the six specialties.
We fine-tune Llama-3.1-8B-Instruct on this data
and we show the results in §A.6. We also conduct
20 bootstrap resampling experiments on the test
sets using the Llama-3.1-8B-Instruct model fine-
tuned on the whole (i.e., imbalanced) training data
to tackle the issue of limited testing data. We ran-
domly sample the same number of samples as the
test sizes from the original test sets with replace-
ment. We show the results for this experiment in
§A.6. Both experiments show that most of the best
performing models on each per-specialty’s test set
is not the same model tuned on the training data
from the same specialty. This demonstrates the
robustness of our main results, i.e., best models are
almost always off-diagonal.

3.3 Term overlap analysis

Clinical questions from different specialties can
differ substantially in terms of knowledge; for ex-
ample, one cannot assume that neurology expertise
can directly apply to cardiology. Here, we thus
quantify the overlap of clinically relevant terms in
train/test splits within and across specialties. We do
this by extracting clinically relevant terms in each
question of S-MedQA, by mapping these terms
onto relevant clinical specialties within the scope
of the top 6 specialties we selected for further ex-
periments, and finally by quantifying the difference
in clinical terminology across different specialties.

We map each term in a question to relevant clin-
ical specialties using SNOMED-CT (Cornet and
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Heatmap of Clinical Term Coverage
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Figure 4: Heatmap showing the overlap of clinical terms
within and across clinical specialties between train and
test QA pairs in S-MedQA.

de Keizer, 2008)* and optionally the Human Phe-
notype Ontology (HPO; Castellanos et al., 2024).
1) We first manually identify the top-level disorder
concepts in SNOMED-CT that correspond to each
medical specialty, and use the SNOMED hierarchy
to link specific diseases or concepts to this top-level
category. E.g., we link any disorder under Disorder
of cardiovascular system as part of cardiology.*
We found no simple mechanism to map findings,
procedures, and observable entities concepts to
disorders in SNOMED-CT directly. We thus first
search findings, procedures, and observable enti-
ties in HPO, identify the related disorders, which
we then use to map onto clinical specialties simi-
larly with SNOMED-CT. 2) For each question, we
then use SciSpacy (Neumann et al., 2019) to per-
form entity linking of disorder, finding, procedure,
and observable entity mentions in the question to
SNOMED-CT. 3) Finally, we use the top-level con-
cepts identified in (1) and the SNOMED-CT hier-
archy to link each mention to a clinical specialty.

We exclude from this analysis general terms un-
related to specific specialties or shared by four or
more of the six specialties.

Results. Figure 4 illustrates the overlap percent-
ages of specialty-specific terminology between
training and test sets for the six specialties. The av-
erage overlap in train/test splits within the same
specialty is 63.4%, indicating that training sets
cover well clinical terminologies necessary for solv-
ing corresponding test set questions. In contrast,

3https ://www. snomed.org/
*For all high-level SNOMED-CT concepts we use for each
clinical specialty, please refer to § A.7.

the average overlap across different specialties is
only 32.8%, showing the domain-specific nature
of medical terminology and the limited commonal-
ity between specialties. These results confirm that
“knowledge leakage” during cross-specialty eval-
uations is minimal, as different specialties share
limited common specialty-specific terminology.

3.4 Token probability

We hypothesize that the performance improve-
ments in Table 4 are primarily due to domain shift-
ing from general LLMs to the clinical domain,
rather than the injection of new clinical knowledge.
We demonstrate this point through a detailed anal-
ysis of token probability shifts for clinical terms
before and after fine-tuning.

The impact of medical data fine-tuning. To as-
sess that, we analyze token probability changes for
clinical terms in the questions from test sets linked
to a single clinical specialty between a baseline
model and the same model fine-tuned on data from
each different specialty. Clinically relevant terms
are extracted and mapped to specialties using the
method described in §3.3, and each term’s proba-
bility is obtained by summing the probabilities of
its constituent subword tokens.

In Fig. 5 we show the average log-probabilities
of medical terms across specialties as predicted
by Llama-3.1-8B-Instruct (base and fine-tuned) for
each of the six specialties. Regardless of the spe-
cialty used for fine-tuning, we observe similarly
increased token log-probabilities for clinical terms
specific to the fine-tuning specialty, as well as for
terms associated with other specialties.

We note that token log-probabilities for terms
from different specialties differ in range, likely re-
flecting the pre-trained model’s existing knowledge
distribution. This also seems to support our hypoth-
esis that fine-tuning shifts the domain rather than
injects new domain knowledge.

Are improvements due to additional training
steps? To rule out the possibility that the sim-
ilarly increased probabilities in all clinical spe-
cialties are due simply to the additional training
steps, we also fine-tune our baseline Llama-3.1-
8B-Instruct on three social sciences subsets of
MMLU (Hendrycks et al., 2021b,a)—public re-
lations, security studies, and sociology—which are
entirely unrelated to the medical domain. Again,
we compare the average token log-probabilities of
the six specialty medical terms produced by this
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Figure 5: Negative log-probabilities for clinically rel-
evant tokens between baseline Llama-3.1-8B-Instruct
and the same model further fine-tuned on each specialty
data. Each group represents tokens categorized into
different clinical specialties. Each color means that the
same model is further fine-tuned on each specialty data.

model with those obtained from models fine-tuned
on the corresponding S-MedQA datasets. When
fine-tuning on MMLU out-of-domain datasets there
is a significant drop in token probabilities compared
to models trained on S-MedQA data (red bars in
Figure 5). We thus confirm that this drop is caused
by domain shifting rather than purely the effect of
additional training. See Appendix A.8 for details
of the token probabilities for models trained on
S-MedQA and MMLU social sciences.

4 Discussion

The effectiveness of lightweight fine-tuning on
strong base models has been widely recognized
in NLP, largely following the pretraining paradigm
introduced in the BERT era (Devlin et al., 2019).
This strength is often attributed to domain shifting,
especially for linguistically focused tasks such as
sentiment analysis (Zhang et al., 2020), natural lan-
guage inference (Koroteev, 2021), and semantic
matching (Gao et al., 2021).

In knowledge-intensive domains such as health-
care, the role of fine-tuning remains underexplored.
Clinical questions across specialties often pose
substantial knowledge barriers, and the capabili-
ties of current LLMs on specialty-specific tasks
are still unclear. Moreover, it remains uncertain
whether these tasks benefit more from explicit
knowledge injection or from effective knowledge
transfer within the base model. This paper bench-
marks these real-world questions in a fine-grained
manner and provides preliminary evidence to ex-
plain the role of fine-tuning in the clinical domain.

Moreover, current LLMs are trained on massive
datasets and raise concerns about benchmark con-
tamination. Our experiments span a wide range

of models, including open-source ones such as
OLMo (Groeneveld et al., 2024), which is trained
without clinical data. Similar findings on these
models strengthen the reliability of our results.

5 Related Work

Medical QA datasets. Medical QA datasets have
played a pivotal role in benchmarking and advanc-
ing the capabilities of LLMs in the healthcare do-
main. Early datasets such as PubMedQA (Jin et al.,
2019) and MedQA (Jin et al., 2021) introduced
multiple-choice QA tasks derived from medical
board exams, focusing on assessing clinical rea-
soning and factual knowledge. MedMCQA (Pal
et al., 2022) later expanded the scope with a larger
dataset covering a wide range of medical subjects.
These datasets have been instrumental in develop-
ing models like BioGPT (Luo et al., 2022) and
MedPalLM (Singhal et al., 2025), which leverage
domain-specific pretraining to achieve human-like
performance on medical tasks.

However, these datasets lack annotations for clin-
ical specialties, limiting their applicability in sce-
narios where specialty-specific knowledge is cru-
cial. Recent efforts, such as BioMistral (Labrak
et al., 2024), have focused on pretraining biomed-
ical LLMs on medical corpora but have not ad-
dressed the need for fine-grained specialty-level
evaluation. S-MedQA fills this gap by introducing
per-specialty annotations and enabling the study of
knowledge transfer across specialties.

Knowledge injection vs. Domain shifting.
The effectiveness of fine-tuning on task-specific
datasets has been extensively studied in NLP (De-
vlin et al., 2019; Mayfield and Black, 2020; Lim-
sopatham, 2021). Broadly speaking, this effec-
tiveness is often understood to either introduce
new knowledge within the external corpus into pre-
trained models (Fu et al., 2023; Mecklenburg et al.,
2024), especially in knowledge-intensive tasks, or
to adapt a model’s general capabilities to more
specialized domains (Limsopatham, 2021; Garrido-
Merchén et al., 2023; Wu et al., 2024), highlighting
effective knowledge sharing across tasks.
Particularly, recent studies (Zhou et al., 2024)
in LLMs suggest that fine-tuning primarily serves
to shift the model’s focus toward a specific do-
main, leveraging knowledge already encoded dur-
ing pretraining, rather than injecting new knowl-
edge into the model. Zhou et al. (2024) introduced
the hypothesis that alignment tuning—e.g., super-
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vised fine-tuning (SFT) and reinforcement learning
from human feedback (RLHF)—primarily teaches
large language models (LLMs) to select a sub-
distribution of response styles and formats. This hy-
pothesis was supported by their study on the LIMA
model, where fine-tuning with as few as 1,000
examples yielded strong alignment. This study
demonstrated that the success of alignment tuning
lies in its ability to adjust stylistic tokens, transi-
tional phrases, and disclaimers, while the majority
of the knowledge required to answer user queries
remains unchanged from the base model. Our
work is a first step towards investigating the role of
fine-tuning in knowledge-intensive and finely seg-
mented domains, since we specifically address the
medical domain with different clinical specialties.

6 Conclusions

In this paper, we introduce S-MedQA, the first
English medical QA dataset annotated for 15 dis-
tinct clinical specialties including single- and multi-
specialty annotations for cross-disciplinary ques-
tions. We investigate different questions using
S-MedQA and find that questions from different
clinical specialties have significant differences in
terms of clinical terminology. Despite that, we
also find that the best QA performance is almost
always observed for LLMs fine-tuned on unrelated
clinical specialties. Moreover, we also show that
fine-tuning the same base LLM on high-quality
non-medical data leads to decreased token prob-
abilities for clinically relevant terms. Our results
suggest that Zhou et al. (2024)’s hypothesis apply
to the medical domain and that improvements can
be primarily attributed to domain shifting rather
than knowledge injection. However, the precise im-
pact of different types of QA data (e.g., complexity
or difficulty of the QA pair) remains unclear. Fi-
nally, we recommend further research to investigate
the role of fine-tuning in the medical domain.

Limitations

In the following, we discuss some limitations of
our work.

Experiments on knowledge transfer patterns.
Although we conduct experiments investigating
how knowledge transfers within and across clinical
specialties, we limited our experiments to the med-
ical domain. That means that validating to what
extent (Zhou et al., 2024)’s hypothesis generalises

to other knowledge-intensive domains is not some-
thing we address in this work. Further research is
needed to investigate the role of fine-tuning and
instruction data in other domains.

Clinical specialties. We have included 15 clini-
cal specialties in our dataset due to their availability
in the source datasets we used. This means that pos-
sibly relevant clinical specialties have been left out
of our dataset (i.e., see the long tail in Figure 2).
Future work should aim to include QA pairs from
more varied and possibly rarer clinical specialties
(e.g., speech language pathology; Kim et al. 2024).

Language and healthcare system. Our dataset
draws on examples in English extracted mostly
from US-centric datasets. We believe that impor-
tant future work lies in extending QA datasets to
other languages and healthcare systems.
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A Appendix

A.1 Specialties recognized in the European
Union (EU) and European Economic
Area (EEA)

According to Directive 2005/36/EC of the Euro-
pean Parliament and of the Council of 7 September
2005 on the recognition of professional qualifica-
tions,’ the following clinical specialties are recog-
nized in the EU and EEA: Allergist, Anaesthet-
ics, Cardiology, Child psychiatry, Clinical biology,
Clinical chemistry, Clinical microbiology, Clin-
ical neurophysiology, Craniofacial surgery, Der-
matology, Emergency medicine, Endocrinology,
Family and General Medicine, Gastroenterologic
surgery, Gastroenterology, General Practice, Gen-
eral surgery, Geriatrics, Hematology, Immunol-
ogy, Infectious diseases, Internal medicine, Lab-
oratory medicine, Nephrology, Neuropsychiatry,
Neurology, Neurosurgery, Nuclear medicine, Ob-
stetrics and gynecology, Occupational medicine,

Shttps://eur-lex.europa.eu/legal-content/EN/
ALL/?uri=CELEX%3A32005L0036
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Oncology, Ophthalmology, Oral and maxillofacial
surgery, Orthopedics, Otorhinolaryngology, Pedi-
atric surgery, Pediatrics, Pathology, Pharmacol-
ogy, Physical medicine and rehabilitation, Plas-
tic surgery, Podiatric surgery, Preventive medicine,
Psychiatry, Public health, Radiation Oncology,
Radiology, Respiratory medicine, Rheumatology,
Stomatology, Thoracic surgery, Tropical medicine,
Urology, Vascular surgery, Venereology.

A.2 Prompts used for specialty classification

In Figures 6-10 we show the 5 prompts we use
with GPT-3.5 for specialty classification. Prompt 1
is zero-shot, while we add 6 examples to the other
prompts (one example from each top-6 specialty)
to leverage the in-context ability of LLMs. We
moved the list of specialties to the end of the user
prompt in prompt 4 and changed the format of
the user prompt to follow the examples by adding
“Question:” and “Answer:” in prompt 5.

A.3 Prompts used for LLM tuning and
inferring

An example of the prompt we use for LLM tuning
and inferring in all our experiments is as follows:

[INST] Please read the multiple-choice question
below carefully and select ONE of the listed
options and only give a single letter.

Question: A 62-year-old woman presents for a
regular check-up. She complains of lightheaded-
ness and palpitations which occur episodically.
Past medical history is significant for a myocardial
infarction 6 months ago and NYHA class II
chronic heart failure. She also was diagnosed with
grade I arterial hypertension 4 years ago. Current
medications are aspirin 81 mg, atorvastatin 10 mg,
enalapril 10 mg, and metoprolol 200 mg daily.
Her vital signs are a blood pressure of 135/90
mm Hg, a heart rate of 125/min, a respiratory
rate of 14/min, and a temperature of 36.500b0C
(97.7()0b0F). Cardiopulmonary examination is
significant for irregular heart rhythm and decreased
S1 intensity. ECG is obtained and is shown in the
picture (see image). Echocardiography shows a
left ventricular ejection fraction of 39%. Which
of the following drugs is the best choice for rate
control in this patient?

A. Atenolol

B. Diltiazem

C. Propafenone

D. Digoxin

Answer: [/INST] D. Digoxin

A4 Excluded vs. complex examples

Excluded examples We exclude examples classi-
fied as "Others", i.e., not belonging to any specialty
in the given list of 55 specialties recognized by the
EU. Here is an example:

A resident in the department of ob-
stetrics and gynecology is reading about
a randomized clinical trial from the late
1990s that was conducted to compare
breast cancer mortality risk, disease lo-
calization, and tumor size in women who
were randomized to groups receiving ei-
ther annual mammograms starting at
age 40 or annual mammograms start-
ing at age 50. One of the tables in
the study compares the two experimen-
tal groups with regard to socioeconomic
demographics (e.g., age, income), medi-
cal conditions at the time of recruitment,
and family history of breast cancer. The
purpose of this table is most likely to eval-
uate which of the following ?

This question belongs to Clinical Trial Design
instead of any listed clinical specialties and does
not contain knowledge required for daily clinical
practices. Similar cases also include Toxicology,
Epidemiology, and Medical Ethics. We thus ex-
clude such samples from S-MedQA.

Complex examples We carefully look into the
samples that did not reach a vote of three together
with the medical expert and noticed that most of
these examples are ambiguous in terms of medical
specialties. They are therefore difficult to be classi-
fied into one single specialty. For instance, many
disagreements occur with Neurology and Emer-
gency Medicine in an emergent neurological issue,
such as the following question:

A 78-year-old man is brought to the
emergency department by ambulance
30 minutes after the sudden onset of
speech difficulties and right-sided arm
and leg weakness. Examination shows
paralysis and hypoesthesia on the right
side, positive Babinski sign on the right,
and slurred speech. A CT scan of the
head shows a hyperdensity in the left
middle cerebral artery and no evidence
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of intracranial bleeding. The patient’s
symptoms improve rapidly after pharma-
cotherapy is initiated and his weakness
completely resolves. Which of the follow-
ing drugs was most likely administered?

According to the expert, both Neurology and
Emergency Medicine apply to this situation, as they
contain clinical knowledge from both specialties
and require collaboration of these two specialties in
clinical practices. Also, classifying it exclusively
into one of the specialties requires extra expertise
that could be beyond the capabilities of GPT-3.5,
e.g. classify as Emergency Medicine if the question
itself mainly focuses on maintaining vital signs,
and Neurology when it comes to subsequent treat-
ment phases. Such complex examples were the
main reason why we decided to add multiple spe-
cialty annotations per question.

A.5 Additional cross-specialty evaluation
results

In Tables 4, 5, 6, 7, 9, 10, and 11 we show
cross-specialty evaluation matrices for Llama2-7b-
chat, Llama2-13b-chat, Mistral-7b-instruct-v0.1,
Llama-3.1-8B-Instruct, Llama-3.2-3B-Instruct,
Bio-Medical-LLaMA-3-8B, and OLMo-2-1124-
7B-Instruct in addition to our main results (in
§3.2). Here we also observe that in ~70% of the
cases the best performance on each per-specialty
test set is not achieved by the model that is tuned
on training data from the same specialty.

A.6 Robustness of cross-specialty evaluation

We carry out 2 experiments to show the robustness
of our cross-specialty evaluation results in Table 4.
We show the results of our cross specialty evalu-
ation fine-tuned on balanced training set sizes in
Table 12, and the results of the 20 bootstrap resam-
pling experiments on the test sets in Table 13. Both
experiments show that most of the best performing
models on each per-specialty’s test set is not the
same model tuned on the training data from the
same specialty. This demonstrates the robustness
of our main results, i.e., best models are almost
always off-diagonal.

A.7 High-level Concepts in SNOMED-CT

The high-level SNOMED-CT disorder concepts
we use when mapping questions to clinical spe-
cialities are: cardiology (Disorder of cardiovascu-
lar system, SCTID: 49601007), gastroenterology

(Disorder of digestive system, SCTID: 53619000),
infectious diseases (Infectious disease, SCTID:
40733004), obstetrics (Disorder of female re-
productive system, SCTID: 363124003; Disor-
der of fetus and/or mother during labor, SCTID:
1269083008), neurology (Disorder of nervous sys-
tem, SCTID: 118940003), pediatrics (Behavioral
and emotional disorder with onset in childhood,
SCTID: 231538003; Disorder of fetus and/or new-
born, SCTID: 414025005; Developmental disorder,
SCTID: 5294002).

A.8 Token probability change

Table 14 shows the token negative log-likelihoods
(the higher the better) for terms from each clinical
specialty before and after fine-tuning on the six
S-MedQA specialty data and MMLU social sci-
ences data. We note that, apart from a few excep-
tions, training on S-MedQA leads to consistently
improved token probabilities for clinically relevant
terms, whereas training on MMLU makes clinical
relevant terms less likely.
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Train Sets

Train Sets

Train Sets

Train Sets

Test Sets Cardio Gastro Infect Neuro Obstetrics  Pediatrics avg.
Llama2-7b 36.0 36.3 36.7 34.6 40.6 41.4 37.7
Cardio 343 29.1 32.6 28.3 315 29.5 31.0
Gastro 313 32.5 30.7 28.8 38.3 30.1 32.0
Infect 35.0 31.3 32.8 31.0 333 29.0 32.1
Neuro 32.8 26.3 354 313 335 36.1 32.7
Obstetrics 345 30.0 34.6 30.7 37.9 33.2 33.6
Pediatrics 30.5 27.8 34.1 25.8 335 31.0 30.7
Combined 42.0 40.1 38.5 372 42.5 36.1 39.4
Table 5: Cross-specialty accuracy matrix of Llama2-7b.
Test Sets Cardio Gastro Infect Neuro Obstetrics  Pediatrics avg.
Llama2-13b 433 34.9 40.6 36.1 454 39.2 40.0
Cardio 383 34.7 41.1 28.5 38.8 31.8 35.8
Gastro 38.5 35.8 31.8 31.3 36.0 32.7 343
Infect 36.0 313 36.5 329 39.2 32.7 34.9
Neuroy 31.3 29.3 36.2 28.8 354 33.5 32.7
Obstetrics 335 29.5 36.5 30.4 36.0 32.7 333
Pediatrics 37.5 34.9 37.0 33.2 38.5 36.1 36.3
Combined 44.0 459 42.4 40.2 45.8 429 43.6
Table 6: Cross-specialty accuracy matrix of Llama2-13b.
Test Sets Cardio Gastro Infect Neuro Obstetrics  Pediatrics avg.
Mistral-v0.1 41.0 39.0 40.0 30.7 42.7 37.5 38.9
Cardio 52.8 46.1 477 399 47.9 443 46.6
Gastro 48.3 50.4 41.1 40.2 47.5 44.3 45.2
Infect 51.5 42.7 49.0 44.3 47.5 43.5 46.5
Neuro 50.7 46.3 47.1 44.0 49.6 48.9 47.8
Obstetrics 45.8 44.2 443 41.3 53.8 46.3 46.1
Pediatrics 48.8 45.5 427 35.1 51.0 48.9 45.5
Combined 52.8 47.6 46.4 49.5 56.3 47.2 49.9
Table 7: Cross-specialty accuracy matrix of Mistral-v0.1
Test Sets Cardio Gastro Infect Neuro Obstetrics  Pediatrics avg.
Mistral-v0.2 52.0 459 48.2 37.0 52.9 435 46.9
Cardio 51.8 54.6 443 47.6 51.5 44.6 49.4
Gastro 54.9 54.1 389 435 51.7 46.4 48.8
Infect 554 53.9 43.0 47.8 543 43.5 50.1
Neuro 54.4 54.8 41.9 45.7 56.0 49.0 50.8
Obstetrics 54.4 52.4 45.7 41.9 51.5 44.6 48.8
Pediatrics 50.8 53.0 42.4 359 48.1 46.1 46.5
Combined 53.7 53.8 427 43.7 52.2 45.7 49.1

Table 8: Cross-specialty accuracy matrix of Mistral-v0.1

8352



Test Sets Cardio Gastro Infect Neuro Obstetrics  Pediatrics avg.

Llama-3.2 54.0 60.0 58.5 61.0 57.0 55.5 57.7
Cardio 59.8 68.2 67.9 70.6 62.5 59.0 64.7
£ Gastro 58.0 65.3 66.2 68.7 60.2 56.5 62.5
2 Infect 59.5 63.9 65.7 69.0 62.5 57.8 63.1
E Neuro 59.8 64.6 66.9 69.8 62.2 58.6 63.6
Obstetrics 60.1 65.6 67.1 70.2 61.6 58.9 63.9
Pediatrics 61.0 66.3 67.7 70.3 62.0 58.6 64.3
Combined 65.4 69.9 71.3 75.5 66.9 65.0 68.9
Table 9: Cross-specialty accuracy matrix of Llama-3.2-3B-Instruct.
Test Sets Cardio Gastro Infect Neuro Obstetrics  Pediatrics avg.
Bio-Llama 70.1 72.3 71.0 72.8 70.2 69.4 71.0
Cardio 79.7 82.7 80.3 82.8 76.4 75.3 79.6
£ Gastro 71.7 83.1 81.5 82.8 76.6 74.9 79.5
2 Infect 76.8 82.2 78.9 82.2 75.1 72.8 78.1
E Neuro 77.1 80.7 79.7 83.8 76.3 74.0 78.6
Obstetrics 78.0 81.7 81.2 81.8 76.6 73.7 78.9
Pediatrics 79.3 82.3 81.3 82.8 78.2 75.3 79.9
Combined 82.7 84.3 82.0 85.5 79.6 79.5 82.3
Table 10: Cross-specialty accuracy matrix of Bio-Medical-Llama-3-8B.
Test Sets Cardio Gastro Infect Neuro Obstetrics  Pediatrics avg.
OLMo 36.0 39.5 40.3 38.8 37.2 35.9 38.0
Cardio 40.7 46.0 472 44.4 41.6 38.2 43.1
£ Gastro 39.6 46.4 47.7 45.7 41.0 35.7 42.8
Vé Infect 38.4 45.5 49.0 45.7 40.2 37.2 427
;;S Neuro 39.0 46.4 46.5 454 40.7 38.4 42.8
Obstetrics 41.5 44.5 46.1 453 39.5 37.6 424
Pediatrics 39.6 46.9 48.5 43.5 39.7 37.8 427
Combined 48.7 54.1 55.6 55.5 48.1 422 50.8

Table 11: Cross-specialty accuracy matrix of OLMo-2-1124-7B-Instruct.

Figure 6: Prompt-1

#i## System: Please classify the medical multiple choice question into one of the following clinical specialties: *Emergency medicine*,
*Allergist*, *Anaesthetics*, *Cardiology*, *Child psychiatry*, *Clinical biology*, *Clinical chemistry*, *Clinical microbiology*, *Clinical
neurophysiology*, *Craniofacial surgery*, *Dermatology*, *Endocrinology*, *Family and General Medicine*, *Gastroenterologic
surgery*, *Gastroenterology*, *General Practice®, *General surgery*, *Geriatrics*, *Hematology*, *Immunology*, *Infectious diseases*,
*Internal medicine*, *Laboratory medicine*, *Nephrology*, *Neuropsychiatry*, *Neurology*, *Neurosurgery*, *Nuclear medicine*,
*QObstetrics and gynecology*, *Occupational medicine*, *Oncology*, *Ophthalmology*, *Oral and maxillofacial surgery*, *Orthopedics*,
*Otorhinolaryngology*, *Pediatric surgery*, *Pediatrics*, *Pathology*, *Pharmacology*, *Physical medicine and rehabilitation*, *Plastic
surgery*, *Podiatric surgery*, *Preventive medicine*, *Psychiatry*, *Public health*, *Radiation Oncology*, *Radiology*, *Respiratory
medicine*, *Rheumatology*, *Stomatology*, *Thoracic surgery*, *Tropical medicine*, *Urology*, *Vascular surgery*, *Venereology*, *Others*

#iH# User: A 39-year-old woman comes to the physician because of an 8-month history of progressive fatigue, shortness of breath, and palpitations.
She has a history of recurrent episodes of joint pain and fever during childhood. She emigrated from India with her parents when she was 10 years
old. Cardiac examination shows an opening snap followed by a late diastolic rumble, which is best heard at the fifth intercostal space in the left
midclavicular line. This patient is at greatest risk for compression of which of the following structures?
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Figure 7: Prompt-2

### System: You are medical student taking a multiple choice exam. The knowledge of which of the following clinical specialties is the
most helpful to answering the question: *Emergency medicine*, *Allergist*, *Anaesthetics*, *Cardiology*, *Child psychiatry*, *Clinical
biology*, *Clinical chemistry*, *Clinical microbiology*, *Clinical neurophysiology*, *Craniofacial surgery*, *Dermatology*, *Endocrinology*,
*Family and General Medicine*, *Gastroenterologic surgery*, *Gastroenterology*, *General Practice®, *General surgery*, *Geriatrics*,
*Hematology*, *Immunology®*, *Infectious diseases*, *Internal medicine*, *Laboratory medicine*, *Nephrology*, *Neuropsychiatry*,
*Neurology*, *Neurosurgery*, *Nuclear medicine*, *Obstetrics and gynecology*, *Occupational medicine*, *Oncology*, *Ophthalmology*,
*Oral and maxillofacial surgery*, *Orthopedics*, *Otorhinolaryngology*, *Pediatric surgery*, *Pediatrics*, *Pathology*, *Pharmacology*,
*Physical medicine and rehabilitation*, *Plastic surgery*, *Podiatric surgery*, *Preventive medicine*, *Psychiatry*, *Public health*, *Radiation
Oncology*, *Radiology*, *Respiratory medicine*, *Rheumatology*, *Stomatology*, *Thoracic surgery*, *Tropical medicine*, *Urology*,
*Vascular surgery*, *Venereology*, *Others*

Here are some examples:

Question: A 62-year-old woman presents for a regular check-up. She complains of lightheadedness and palpitations which occur episodically. Past
medical history is significant for a myocardial infarction 6 months ago and NYHA class II chronic heart failure. She also was diagnosed with
grade I arterial hypertension 4 years ago. Current medications are aspirin 81 mg, atorvastatin 10 mg, enalapril 10 mg, and metoprolol 200 mg
daily. Her vital signs are a blood pressure of 135/90 mm Hg, a heart rate of 125/min, a respiratory rate of 14/min, and a temperature of 36.5°C
(97.7°F). Cardiopulmonary examination is significant for irregular heart rhythm and decreased S1 intensity. ECG is obtained and is shown in the
picture (see image). Echocardiography shows a left ventricular ejection fraction of 39%. Which of the following drugs is the best choice for rate
control in this patient?

Answer: Cardiology

Question: A 68-year-old man comes to the physician because of recurrent episodes of nausea and abdominal discomfort for the past 4 months.
The discomfort is located in the upper abdomen and sometimes occurs after eating, especially after a big meal. He has tried to go for a walk after
dinner to help with digestion, but his complaints have only increased. For the past 3 weeks he has also had symptoms while climbing the stairs to
his apartment. He has type 2 diabetes mellitus, hypertension, and stage 2 peripheral arterial disease. He has smoked one pack of cigarettes daily
for the past 45 years. He drinks one to two beers daily and occasionally more on weekends. His current medications include metformin, enalapril,
and aspirin. He is 168 cm (5 ft 6 in) tall and weighs 126 kg (278 1b); BMI is 45 kg/m2. His temperature is 36.4°C (97.5°F), pulse is 78/min, and
blood pressure is 148/86 mm Hg. On physical examination, the abdomen is soft and nontender with no organomegaly. Foot pulses are absent
bilaterally. An ECG shows no abnormalities. Which of the following is the most appropriate next step in diagnosis?

Answer: Gastroenterology

Question: A 6-year-old male who recently immigrated to the United States from Asia is admitted to the hospital with dyspnea. Physical exam
reveals a gray pseudomembrane in the patient’s oropharynx along with lymphadenopathy. The patient develops myocarditis and expires on hospital
day 5. Which of the following would have prevented this patient’s presentation and decline?

Answer: Infectious diseases

Question: A 35-year-old woman with a history of Crohn disease presents for a follow-up appointment. She says that lately, she has started to
notice difficulty walking. She says that some of her friends have joked that she appears to be walking as if she was drunk. Past medical history is
significant for Crohn disease diagnosed 2 years ago, managed with natalizumab for the past year because her intestinal symptoms have become
severe and unresponsive to other therapies. On physical examination, there is gait and limb ataxia present. Strength is 4/5 in the right upper limb.
A T1/T2 MRI of the brain is ordered and is shown. Which of the following is the most likely diagnosis?

Answer: Neurology

Question: A 23-year-old G1 at 10 weeks gestation based on her last menstrual period is brought to the emergency department by her husband due
to sudden vaginal bleeding. She says that she has mild lower abdominal cramps and is feeling dizzy and weak. Her blood pressure is 100/60 mm
Hg, the pulse is 100/min, and the respiration rate is 15/min. She says that she has had light spotting over the last 3 days, but today the bleeding
increased markedly and she also noticed the passage of clots. She says that she has changed three pads since the morning. She has also noticed
that the nausea she was experiencing over the past few days has subsided. The physician examines her and notes that the cervical os is open and
blood is pooling in the vagina. Products of conception can be visualized in the os. The patient is prepared for a suction curettage. Which of the
following is the most likely cause for the pregnancy loss?

Answer: Obstetrics and gynecology

Question: An 8-month-old boy is brought to a medical office by his mother. The mother states that the boy has been very fussy and has not been
feeding recently. The mother thinks the baby has been gaining weight despite not feeding well. The boy was delivered vaginally at 39 weeks
gestation without complications. On physical examination, the boy is noted to be crying in his mother’s arms. There is no evidence of cyanosis,
and the cardiac examination is within normal limits. The crying intensifies when the abdomen is palpated. The abdomen is distended with tympany
in the left lower quadrant. You suspect a condition caused by the failure of specialized cells to migrate. What is the most likely diagnosis?
Answer: Pediatrics

#it# User: A 39-year-old woman comes to the physician because of an 8-month history of progressive fatigue, shortness of breath, and palpitations.
She has a history of recurrent episodes of joint pain and fever during childhood. She emigrated from India with her parents when she was 10 years
old. Cardiac examination shows an opening snap followed by a late diastolic rumble, which is best heard at the fifth intercostal space in the left
midclavicular line. This patient is at greatest risk for compression of which of the following structures?

Test Sets Cardio Gastro Infect Neuro Obstetrics  Pediatrics avg.
Llama-3.1 64.0 67.5 65.3 66.8 65.0 64.5 65.5
Cardio 71.8 774 72.3 76.1 69.9 71.0 73.0
£ Gastro 69.6 77.1 72.4 712 69.1 71.9 72.8
2 Infect 68.8 74.5 73.3 774 69.8 71.3 724
é Neuro 70.8 77.1 734 76.9 68.6 72.1 73.0
Obstetrics 69.8 75.0 72.9 754 68.7 69.4 71.9
Pediatrics 68.9 753 72.8 77.0 69.1 70.4 722

Table 12: Cross specialty evaluation results fine-tuned on training data with equal sizes.
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Figure 8: Prompt-3

### System: Please classify the medical multiple choice question into one of the following clinical specialties: *Emergency medicine*,
*Allergist*, *Anaesthetics*, *Cardiology*, *Child psychiatry*, *Clinical biology*, *Clinical chemistry*, *Clinical microbiology*, *Clinical
neurophysiology*, *Craniofacial surgery*, *Dermatology*, *Endocrinology*, *Family and General Medicine*, *Gastroenterologic
surgery*, *Gastroenterology*, *General Practice®, *General surgery*, *Geriatrics*, *Hematology*, *Immunology*, *Infectious diseases*,
*Internal medicine*, *Laboratory medicine*, *Nephrology*, *Neuropsychiatry*, *Neurology*, *Neurosurgery*, *Nuclear medicine*,
*Obstetrics and gynecology*, *Occupational medicine*, *Oncology*, *Ophthalmology*, *Oral and maxillofacial surgery*, *Orthopedics*,
*QOtorhinolaryngology*, *Pediatric surgery*, *Pediatrics*, *Pathology*, *Pharmacology*, *Physical medicine and rehabilitation*, *Plastic
surgery*, *Podiatric surgery*, *Preventive medicine®, *Psychiatry*, *Public health*, *Radiation Oncology*, *Radiology*, *Respiratory
medicine*, *Rheumatology*, *Stomatology*, *Thoracic surgery*, *Tropical medicine*, *Urology*, *Vascular surgery*, *Venereology*, *Others*

Here are some examples:

Question: A 62-year-old woman presents for a regular check-up. She complains of lightheadedness and palpitations which occur episodically. Past
medical history is significant for a myocardial infarction 6 months ago and NYHA class II chronic heart failure. She also was diagnosed with
grade I arterial hypertension 4 years ago. Current medications are aspirin 81 mg, atorvastatin 10 mg, enalapril 10 mg, and metoprolol 200 mg
daily. Her vital signs are a blood pressure of 135/90 mm Hg, a heart rate of 125/min, a respiratory rate of 14/min, and a temperature of 36.5°C
(97.7°F). Cardiopulmonary examination is significant for irregular heart rhythm and decreased S1 intensity. ECG is obtained and is shown in the
picture (see image). Echocardiography shows a left ventricular ejection fraction of 39%. Which of the following drugs is the best choice for rate
control in this patient?

Answer: Cardiology

Question: A 68-year-old man comes to the physician because of recurrent episodes of nausea and abdominal discomfort for the past 4 months.
The discomfort is located in the upper abdomen and sometimes occurs after eating, especially after a big meal. He has tried to go for a walk after
dinner to help with digestion, but his complaints have only increased. For the past 3 weeks he has also had symptoms while climbing the stairs to
his apartment. He has type 2 diabetes mellitus, hypertension, and stage 2 peripheral arterial disease. He has smoked one pack of cigarettes daily
for the past 45 years. He drinks one to two beers daily and occasionally more on weekends. His current medications include metformin, enalapril,
and aspirin. He is 168 cm (5 ft 6 in) tall and weighs 126 kg (278 1b); BMI is 45 kg/m2. His temperature is 36.4°C (97.5°F), pulse is 78/min, and
blood pressure is 148/86 mm Hg. On physical examination, the abdomen is soft and nontender with no organomegaly. Foot pulses are absent
bilaterally. An ECG shows no abnormalities. Which of the following is the most appropriate next step in diagnosis?

Answer: Gastroenterology

Question: A 6-year-old male who recently immigrated to the United States from Asia is admitted to the hospital with dyspnea. Physical exam
reveals a gray pseudomembrane in the patient’s oropharynx along with lymphadenopathy. The patient develops myocarditis and expires on hospital
day 5. Which of the following would have prevented this patient’s presentation and decline?

Answer: Infectious diseases

Question: A 35-year-old woman with a history of Crohn disease presents for a follow-up appointment. She says that lately, she has started to
notice difficulty walking. She says that some of her friends have joked that she appears to be walking as if she was drunk. Past medical history is
significant for Crohn disease diagnosed 2 years ago, managed with natalizumab for the past year because her intestinal symptoms have become
severe and unresponsive to other therapies. On physical examination, there is gait and limb ataxia present. Strength is 4/5 in the right upper limb.
A T1/T2 MRI of the brain is ordered and is shown. Which of the following is the most likely diagnosis?

Answer: Neurology

Question: A 23-year-old G1 at 10 weeks gestation based on her last menstrual period is brought to the emergency department by her husband due
to sudden vaginal bleeding. She says that she has mild lower abdominal cramps and is feeling dizzy and weak. Her blood pressure is 100/60 mm
Hg, the pulse is 100/min, and the respiration rate is 15/min. She says that she has had light spotting over the last 3 days, but today the bleeding
increased markedly and she also noticed the passage of clots. She says that she has changed three pads since the morning. She has also noticed
that the nausea she was experiencing over the past few days has subsided. The physician examines her and notes that the cervical os is open and
blood is pooling in the vagina. Products of conception can be visualized in the os. The patient is prepared for a suction curettage. Which of the
following is the most likely cause for the pregnancy loss?

Answer: Obstetrics and gynecology

Question: An 8-month-old boy is brought to a medical office by his mother. The mother states that the boy has been very fussy and has not been
feeding recently. The mother thinks the baby has been gaining weight despite not feeding well. The boy was delivered vaginally at 39 weeks
gestation without complications. On physical examination, the boy is noted to be crying in his mother’s arms. There is no evidence of cyanosis,
and the cardiac examination is within normal limits. The crying intensifies when the abdomen is palpated. The abdomen is distended with tympany
in the left lower quadrant. You suspect a condition caused by the failure of specialized cells to migrate. What is the most likely diagnosis?
Answer: Pediatrics

#it# User: A 39-year-old woman comes to the physician because of an 8-month history of progressive fatigue, shortness of breath, and palpitations.
She has a history of recurrent episodes of joint pain and fever during childhood. She emigrated from India with her parents when she was 10 years
old. Cardiac examination shows an opening snap followed by a late diastolic rumble, which is best heard at the fifth intercostal space in the left
midclavicular line. This patient is at greatest risk for compression of which of the following structures?

Test Sets Cardio Gastro Infect Neuro Obstetrics  Pediatrics avg.
Llama-3.1 70.1 72.3 71.0 72.8 70.2 69.4 71.0
Cardio 79.7 75.4 72.3 77.6 73.1 71.1 73.6
£ Gastro 70.0 774 722 772 73.0 72.7 73.6
2 Infect 70.4 73.8 72.7 71.3 71.0 70.3 72.6
E Neuro 72.0 76.0 72.7 71.3 72.0 71.3 73.4
Obstetrics 70.3 75.4 71.9 757 72.5 69.5 72.4
Pediatrics 71.2 74.8 72.9 76.4 71.4 70.8 72.8
Combined 63.1 81.4 71.5 78.2 73.3 76.6 76.7

Table 13: Cross specialty evaluation results of 20 resamplings of the test sets.
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Figure 9: Prompt-4

#i## System: Please classify the medical multiple choice question into one of the clinical specialties.

Here are some examples:

Question: A 62-year-old woman presents for a regular check-up. She complains of lightheadedness and palpitations which occur episodically. Past
medical history is significant for a myocardial infarction 6 months ago and NYHA class II chronic heart failure. She also was diagnosed with
grade I arterial hypertension 4 years ago. Current medications are aspirin 81 mg, atorvastatin 10 mg, enalapril 10 mg, and metoprolol 200 mg
daily. Her vital signs are a blood pressure of 135/90 mm Hg, a heart rate of 125/min, a respiratory rate of 14/min, and a temperature of 36.5°C
(97.7°F). Cardiopulmonary examination is significant for irregular heart rhythm and decreased S1 intensity. ECG is obtained and is shown in the
picture (see image). Echocardiography shows a left ventricular ejection fraction of 39%. Which of the following drugs is the best choice for rate
control in this patient?

Answer: Cardiology

Question: A 68-year-old man comes to the physician because of recurrent episodes of nausea and abdominal discomfort for the past 4 months.
The discomfort is located in the upper abdomen and sometimes occurs after eating, especially after a big meal. He has tried to go for a walk after
dinner to help with digestion, but his complaints have only increased. For the past 3 weeks he has also had symptoms while climbing the stairs to
his apartment. He has type 2 diabetes mellitus, hypertension, and stage 2 peripheral arterial disease. He has smoked one pack of cigarettes daily
for the past 45 years. He drinks one to two beers daily and occasionally more on weekends. His current medications include metformin, enalapril,
and aspirin. He is 168 cm (5 ft 6 in) tall and weighs 126 kg (278 1b); BMI is 45 kg/m2. His temperature is 36.4°C (97.5°F), pulse is 78/min, and
blood pressure is 148/86 mm Hg. On physical examination, the abdomen is soft and nontender with no organomegaly. Foot pulses are absent
bilaterally. An ECG shows no abnormalities. Which of the following is the most appropriate next step in diagnosis?

Answer: Gastroenterology

Question: A 6-year-old male who recently immigrated to the United States from Asia is admitted to the hospital with dyspnea. Physical exam
reveals a gray pseudomembrane in the patient’s oropharynx along with lymphadenopathy. The patient develops myocarditis and expires on hospital
day 5. Which of the following would have prevented this patient’s presentation and decline?

Answer: Infectious diseases

Question: A 35-year-old woman with a history of Crohn disease presents for a follow-up appointment. She says that lately, she has started to
notice difficulty walking. She says that some of her friends have joked that she appears to be walking as if she was drunk. Past medical history is
significant for Crohn disease diagnosed 2 years ago, managed with natalizumab for the past year because her intestinal symptoms have become
severe and unresponsive to other therapies. On physical examination, there is gait and limb ataxia present. Strength is 4/5 in the right upper limb.
A T1/T2 MRI of the brain is ordered and is shown. Which of the following is the most likely diagnosis?

Answer: Neurology

Question: A 23-year-old G1 at 10 weeks gestation based on her last menstrual period is brought to the emergency department by her husband due
to sudden vaginal bleeding. She says that she has mild lower abdominal cramps and is feeling dizzy and weak. Her blood pressure is 100/60 mm
Hg, the pulse is 100/min, and the respiration rate is 15/min. She says that she has had light spotting over the last 3 days, but today the bleeding
increased markedly and she also noticed the passage of clots. She says that she has changed three pads since the morning. She has also noticed
that the nausea she was experiencing over the past few days has subsided. The physician examines her and notes that the cervical os is open and
blood is pooling in the vagina. Products of conception can be visualized in the os. The patient is prepared for a suction curettage. Which of the
following is the most likely cause for the pregnancy loss?

Answer: Obstetrics and gynecology

Question: An 8-month-old boy is brought to a medical office by his mother. The mother states that the boy has been very fussy and has not been
feeding recently. The mother thinks the baby has been gaining weight despite not feeding well. The boy was delivered vaginally at 39 weeks
gestation without complications. On physical examination, the boy is noted to be crying in his mother’s arms. There is no evidence of cyanosis,
and the cardiac examination is within normal limits. The crying intensifies when the abdomen is palpated. The abdomen is distended with tympany
in the left lower quadrant. You suspect a condition caused by the failure of specialized cells to migrate. What is the most likely diagnosis?
Answer: Pediatrics

#it# User: A 39-year-old woman comes to the physician because of an 8-month history of progressive fatigue, shortness of breath, and palpitations.
She has a history of recurrent episodes of joint pain and fever during childhood. She emigrated from India with her parents when she was 10 years
old. Cardiac examination shows an opening snap followed by a late diastolic rumble, which is best heard at the fifth intercostal space in the left
midclavicular line. This patient is at greatest risk for compression of which of the following structures?

Please classify the medical multiple choice question into one of the following clinical specialties: *Emergency medicine*, *Allergist*,
*Anaesthetics*, *Cardiology*, *Child psychiatry*, *Clinical biology*, *Clinical chemistry*, *Clinical microbiology*, *Clinical
neurophysiology*, *Craniofacial surgery*, *Dermatology*, *Endocrinology*, *Family and General Medicine*, *Gastroenterologic
surgery*, *Gastroenterology*, *General Practice®, *General surgery*, *Geriatrics*, *Hematology*, *Immunology*, *Infectious diseases*,
*Internal medicine*, *Laboratory medicine*, *Nephrology*, *Neuropsychiatry*, *Neurology*, *Neurosurgery*, *Nuclear medicine*,
*Obstetrics and gynecology*, *Occupational medicine*, *Oncology*, *Ophthalmology*, *Oral and maxillofacial surgery*, *Orthopedics*,
*QOtorhinolaryngology*, *Pediatric surgery*, *Pediatrics*, *Pathology*, *Pharmacology*, *Physical medicine and rehabilitation*, *Plastic
surgery*, *Podiatric surgery*, *Preventive medicine®, *Psychiatry*, *Public health*, *Radiation Oncology*, *Radiology*, *Respiratory
medicine*, *Rheumatology*, *Stomatology*, *Thoracic surgery*, *Tropical medicine*, *Urology*, *Vascular surgery*, *Venereology*, *Others*
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Figure 10: Prompt-5

### System: Please classify the medical multiple choice question into one of the following clinical specialties: *Emergency medicine*,
*Allergist*, *Anaesthetics*, *Cardiology*, *Child psychiatry*, *Clinical biology*, *Clinical chemistry*, *Clinical microbiology*, *Clinical
neurophysiology*, *Craniofacial surgery*, *Dermatology*, *Endocrinology*, *Family and General Medicine*, *Gastroenterologic
surgery*, *Gastroenterology*, *General Practice®, *General surgery*, *Geriatrics*, *Hematology*, *Immunology*, *Infectious diseases*,
*Internal medicine*, *Laboratory medicine*, *Nephrology*, *Neuropsychiatry*, *Neurology*, *Neurosurgery*, *Nuclear medicine*,
*Obstetrics and gynecology*, *Occupational medicine*, *Oncology*, *Ophthalmology*, *Oral and maxillofacial surgery*, *Orthopedics*,
*QOtorhinolaryngology*, *Pediatric surgery*, *Pediatrics*, *Pathology*, *Pharmacology*, *Physical medicine and rehabilitation*, *Plastic
surgery*, *Podiatric surgery*, *Preventive medicine®, *Psychiatry*, *Public health*, *Radiation Oncology*, *Radiology*, *Respiratory
medicine*, *Rheumatology*, *Stomatology*, *Thoracic surgery*, *Tropical medicine*, *Urology*, *Vascular surgery*, *Venereology*, *Others*

Here are some examples:

Question: A 62-year-old woman presents for a regular check-up. She complains of lightheadedness and palpitations which occur episodically. Past
medical history is significant for a myocardial infarction 6 months ago and NYHA class II chronic heart failure. She also was diagnosed with
grade [ arterial hypertension 4 years ago. Current medications are aspirin 81 mg, atorvastatin 10 mg, enalapril 10 mg, and metoprolol 200 mg
daily. Her vital signs are a blood pressure of 135/90 mm Hg, a heart rate of 125/min, a respiratory rate of 14/min, and a temperature of 36.5°C
(97.7°F). Cardiopulmonary examination is significant for irregular heart rhythm and decreased S1 intensity. ECG is obtained and is shown in the
picture (see image). Echocardiography shows a left ventricular ejection fraction of 39%. Which of the following drugs is the best choice for rate
control in this patient?

Answer: Cardiology

Question: A 68-year-old man comes to the physician because of recurrent episodes of nausea and abdominal discomfort for the past 4 months.
The discomfort is located in the upper abdomen and sometimes occurs after eating, especially after a big meal. He has tried to go for a walk after
dinner to help with digestion, but his complaints have only increased. For the past 3 weeks he has also had symptoms while climbing the stairs to
his apartment. He has type 2 diabetes mellitus, hypertension, and stage 2 peripheral arterial disease. He has smoked one pack of cigarettes daily
for the past 45 years. He drinks one to two beers daily and occasionally more on weekends. His current medications include metformin, enalapril,
and aspirin. He is 168 cm (5 ft 6 in) tall and weighs 126 kg (278 1b); BMI is 45 kg/m2. His temperature is 36.4°C (97.5°F), pulse is 78/min, and
blood pressure is 148/86 mm Hg. On physical examination, the abdomen is soft and nontender with no organomegaly. Foot pulses are absent
bilaterally. An ECG shows no abnormalities. Which of the following is the most appropriate next step in diagnosis?

Answer: Gastroenterology

Question: A 6-year-old male who recently immigrated to the United States from Asia is admitted to the hospital with dyspnea. Physical exam
reveals a gray pseudomembrane in the patient’s oropharynx along with lymphadenopathy. The patient develops myocarditis and expires on hospital
day 5. Which of the following would have prevented this patient’s presentation and decline?

Answer: Infectious diseases

Question: A 35-year-old woman with a history of Crohn disease presents for a follow-up appointment. She says that lately, she has started to
notice difficulty walking. She says that some of her friends have joked that she appears to be walking as if she was drunk. Past medical history is
significant for Crohn disease diagnosed 2 years ago, managed with natalizumab for the past year because her intestinal symptoms have become
severe and unresponsive to other therapies. On physical examination, there is gait and limb ataxia present. Strength is 4/5 in the right upper limb.
A T1/T2 MRI of the brain is ordered and is shown. Which of the following is the most likely diagnosis?

Answer: Neurology

Question: A 23-year-old G1 at 10 weeks gestation based on her last menstrual period is brought to the emergency department by her husband due
to sudden vaginal bleeding. She says that she has mild lower abdominal cramps and is feeling dizzy and weak. Her blood pressure is 100/60 mm
Hg, the pulse is 100/min, and the respiration rate is 15/min. She says that she has had light spotting over the last 3 days, but today the bleeding
increased markedly and she also noticed the passage of clots. She says that she has changed three pads since the morning. She has also noticed
that the nausea she was experiencing over the past few days has subsided. The physician examines her and notes that the cervical os is open and
blood is pooling in the vagina. Products of conception can be visualized in the os. The patient is prepared for a suction curettage. Which of the
following is the most likely cause for the pregnancy loss?

Answer: Obstetrics and gynecology

Question: An 8-month-old boy is brought to a medical office by his mother. The mother states that the boy has been very fussy and has not been
feeding recently. The mother thinks the baby has been gaining weight despite not feeding well. The boy was delivered vaginally at 39 weeks
gestation without complications. On physical examination, the boy is noted to be crying in his mother’s arms. There is no evidence of cyanosis,
and the cardiac examination is within normal limits. The crying intensifies when the abdomen is palpated. The abdomen is distended with tympany
in the left lower quadrant. You suspect a condition caused by the failure of specialized cells to migrate. What is the most likely diagnosis?
Answer: Pediatrics

#it# User: Question: A 39-year-old woman comes to the physician because of an 8-month history of progressive fatigue, shortness of breath, and
palpitations. She has a history of recurrent episodes of joint pain and fever during childhood. She emigrated from India with her parents when she
was 10 years old. Cardiac examination shows an opening snap followed by a late diastolic rumble, which is best heard at the fifth intercostal space
in the left midclavicular line. This patient is at greatest risk for compression of which of the following structures?

Answer:
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Test Sets (1 is better)

Models Cardio Gastro Infect Neuro Obstetrics Pediatrics
Mistralv0.2-Base  -4.11 -5.05 -499  -5.59 -4.49 -5.80
Cardio -4.06 -4.94 -486  -5.56 -4.35 -5.60
Gastro -4.12 -5.01 -491 -5.46 -4.27 -5.65
Infect -3.95 -4.84 -496  -5.55 -4.41 -5.59
Neuro -4.07 -5.05 -4.88  -5.39 -4.37 -5.61
Obstetrics -4.14 -5.11 -4.87  -5.50 -4.41 -5.66
Pediatrics -4.08 -5.05 -493  -5.53 -4.46 -5.67
MMLU -4.62 -5.34 -5.27 -5.83 -4.78 -6.01

Table 14: Average token negative log-likelihood for terms from each clinical specialty before and after fine-tuning
on the six S-MedQA specialty data and MMLU social sciences data. Best viewed in colour.
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