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Abstract

Recent advancements in Large Language Mod-
els (LLMs) show their potential in accurately
answering biomedical questions, yet current
healthcare benchmarks primarily assess knowl-
edge mastered by medical doctors, neglecting
other essential professions. To address this
gap, we introduce the Examinations for Med-
ical PErsonnel in Chinese (EMPEC), a com-
prehensive healthcare knowledge benchmark
featuring 157,803 exam questions across 124
subjects and 20 healthcare professions, includ-
ing underrepresented roles like Optometrists
and Audiologists. Each question is tagged
for release time and source authenticity. We
evaluated 17 LLMs, including proprietary and
open-source models, finding that while models
like GPT-4 achieved over 75% accuracy, they
struggled with specialised fields and alternative
medicine. Notably, we find that most medical-
specific LLMs underperform their general-
purpose counterparts in EMPEC, and incorpo-
rating EMPEC’s data in fine-tuning improves
performance. In addition, we tested LLMs
on questions released after the completion of
their training to examine their ability in unseen
queries. We also translated the test set into En-
glish and simplified Chinese and analyse the
impact on different models. Our findings em-
phasise the need for broader benchmarks to
assess LLLM applicability in real-world health-
care, and we will provide the dataset and
evaluation toolkit for future research. Our
data and code are in https://github.com/
zhehengluoK/eval_empec.

1 Introduction

Recent advancements in Large Language Models
(LLMs) have demonstrated the potential of LLM-
based Artificial Intelligence (Al) in providing accu-
rate answers to questions about world knowledge.
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equally.

These advancements are reflected in a series of stud-
ies and models, including but not limited to GPT-4,
Gemini, Mistral, and Llama series (OpenAl, 2023;
Google, 2023; Jiang et al., 2023; Touvron et al.,
2023). To benchmark the internal knowledge of
LLMs, multiple datasets (Hendrycks et al., 2020;
Clark et al., 2018; Lin et al., 2021) have been in-
troduced, focusing on their ability to measure and
respond with accurate information. More recently,
there has been a significant push towards adapting
LLMs for use in the biomedicine domain (Singhal
et al., 2023; Chen et al., 2023a; Xie et al., 2024a),
exploring the possibility of deploying these mod-
els in real healthcare scenarios. To assess the ef-
fectiveness of LLMs in healthcare, considerable
effort (Cai et al., 2023; Wang et al., 2023b; Jin
et al., 2021; Kasai et al., 2023; Pal et al., 2022)
has been invested in benchmarking their capabil-
ities. Among these efforts, several studies (Cai
et al., 2023; Wang et al., 2023b) have incorporated
long-form diagnostic questions into their bench-
marks to more evaluate the models’ capacities to
function akin to real physicians. In another line of
work, multiple-choice questions have emerged as
a straightforward and objective means of evalua-
tion (Jin et al., 2021; Kasai et al., 2023; Pal et al.,
2022). These studies mostly utilize questions from
medical licensing exams, research papers, and text-
books to assess LLMs’ knowledge and suitability
to serve in a physician-like role.

Existing medical benchmarks are limited in
scope and authenticity In real-world health-
care environments, medical doctors, while inte-
gral, represent only a fraction of the entire health-
care system. The International Standard Classifi-
cation of Occupations (ISCO) by the International
Labour Organization categorises health profession-
als into two Sub-major Groups, with medical doc-
tors listed alongside ten other minor occupational
groups. These include Nursing and Midwifery Pro-
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Distribution of Professions in EMPEC Dataset

Traditional Chinese Medicine Practitioner
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Figure 1: Distribution of professions in the EMPEC dataset. The left panel illustrates the total number of questions
attributed to each healthcare profession within the dataset. The right panel provides a visual representation of the
proportionate distribution of questions across the various professions.

fessionals and Paramedical Practitioners, among
others. Each minor group comprises at least two
unit groups, which in turn consist of multiple pro-
fessions. This diversity in healthcare roles high-
lights that the expertise of medical doctors is just a
subset of the broader healthcare knowledge spec-
trum. Nevertheless, as shown in Table 1, exist-
ing medicine-related benchmarks face challenges
in diversity. For instance, MedQA (Jin et al.,
2021) and MedBench (Cai et al., 2023) contain
questions solely for physicians. MedMCQA (Pal
et al., 2022) gathers questions for postgraduate
medical students. CMB (Wang et al., 2023b) and
CMExam (Liu et al., 2024) have made limited at-
tempts to expand coverage beyond physicians to a
maximum of five professions, leaving many health
professionals unrepresented. Consequently, there
remains a significant gap in our ability to assess the
performance of LL.Ms across the broader spectrum
of medical contexts. As a result, there remains
a significant gap in our ability to assess the per-
formance of LLMs across the broader spectrum
of medical contexts. To more comprehensively
gauge the effectiveness and applicability of LLMs
in healthcare, it is crucial to expand the scope of
benchmarks to include a wider range of professions
within the healthcare system. Furthermore, despite
being collected from credible sources, Table 1 re-
veals that most existing works cannot reference an
authoritative source for their data, casting doubt on
the authenticity of the collected problems. Addi-
tionally, essential metadata, such as release dates,
are often missing. Therefore, the results from ex-

isting benchmarks fail to accurately reflect LLMs’
performance across the entire healthcare system.

In response to the identified research gap, we
introduce EMPEC, a comprehensive large-scale
healthcare knowledge benchmark. EMPEC com-
prises 157,803 exam questions spanning 124 sub-
jects across 20 healthcare professions. This com-
prehensive benchmark goes beyond the commonly
assessed professions such as Physicians and Nurses,
to include occupations like Optometrist and Audi-
ologist often overlooked in previous assessments,
thereby filling a critical void in existing bench-
marks. The benchmark is originally in traditional
Chinese; to broaden the applicability of our work
beyond Chinese-speaking regions, we add an En-
glish translation of the test set generated by GPT-4.
EMPEC stands out not only for its substantial size
and extensive coverage but also for its authoritative
and time-sensitive features. Each question within
EMPEC is tagged with its release time, ensuring
that the benchmark continuously integrates the lat-
est questions from the source as soon as they are
made available. This feature effectively mitigates
the risk of data contamination (Nori et al., 2023)
during evaluation processes, thereby maintaining
the benchmark’s relevance and accuracy over time.
Furthermore, the provenance of every question in
EMPEC is documented, with each item linked to
its original release. This verification ensures the
benchmark’s reliability and authenticity, position-
ing it as a critical tool for the evaluation of LLMs
within the healthcare sector.

We conducted extensive experiments on 17
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Table 1: Review of existing healthcare-related benchmarks, v represents the dataset that has the feature and X
represents it does not. Source-verifiable means the dataset can be verified from its acclaimed source. Trad and simp

are short for traditional and simplified respectively.

Dataset Resources Language #Professions ~ #Question  Source-verifiable
CMExam Gov Publication Simp Chinese 5 68,119 X
CMB Open database Simp Chinese 4 280,839 X
MedQA Text Books English, Chinese 1 61,097 X
MedMCQA  Open website&Books  English - 193,155 v
MedBench ~ Gov Publication Simp Chinese 1 40,041 X
EMPEC Gov Publication Trad Chinese 20 157,803 v

LLMs, including two proprietary models and 14
open-source models, evaluating their zero-shot per-
formance. Additionally, we include one fine-tuned
model using the training data from the EMPEC
dataset. Our analysis contrasted the performance
of medical domain LLMs with general LLMs, as
well as models primarily trained on Chinese ver-
sus English data. Furthermore, we evaluated the
models on both the full test set and a subset com-
prising the most recent questions, which could be
reliably assumed to be absent from the models’
training data. Finally, we compared the models’
performance on questions in traditional Chinese
with their performance on simplified Chinese and
English versions of the same questions. Our find-
ings on the experimental results are as follows:

I) GPT-4 leads the evaluation by achieving more
than 75% accuracy while open-source LLMs are
catching up with the frontier. II) While leading
LLMs perform well in frequently encountered pro-
fessions, EMPEC shows that they struggle with
more specialized fields knowledge such as Dentists
and Optometrists, and alternative medicine like
Traditional Chinese Medicine Practitioners. III)
Previous LLMs trained for the medical domain un-
expectedly show inferior performance compared
to their general-purpose counterparts. Moreover,
incorporating EMPEC data into training signifi-
cantly boosts model performance. IV) The results
on questions released later than the time cutoff of
several models reveal consistency with the overall
performance trends observed in the EMPEC test
set, suggesting that the models’ performance on
the test set can be extrapolated to predict their ef-
fectiveness in addressing unseen healthcare-related
queries. V) The conversion from traditional to sim-
plified Chinese characters appears to have a neg-
ligible impact on the performance of the models.
While on the translated English version, models
primarily trained in English enjoy an improvement.

Despite the change in language, the accuracy trends
by profession remain consistent.

2 Related work

Healthcare Knowledge Benchmark Multiple
endeavours have been made to evaluate the med-
ical knowledge in LLMs to propose question-
answering(QA) datasets. Long-form QA datasets
such as MedicationQA (Abacha et al., 2019),
BioASQ (Krithara et al., 2023) are usually drafted
and annotated by domain experts to assess LLMs
via comparing their free-format response to the hu-
man written answers. Medical exams have become
an ideal source for collecting medical QA materials
due to their endorsement by national institutions
and under rigorous scrutiny. Several benchmarks,
including MedQA (Jin et al., 2021), CMExam (Liu
et al., 2024), IgakuQA (Kasai et al., 2023), and
Polish MFE (Rosot et al., 2023) leverage medical
exams from different nations to test knowledge,
focussing primarily on physicians for the respec-
tive languages. MedBench (Cai et al., 2023) went
beyond Chinese MLE to advanced physician ex-
ams such as the Resident Standardisation Train-
ing Examination, the Doctor In-Charge Qualifi-
cation Examination, and real-world clinic cases
encompassing examinations. CMB (Wang et al.,
2023b) expands the assessment of medical knowl-
edge by introducing exams for nurses, technicians,
and pharmacists. Though of high quality, these
existing benchmarks mostly focus on assessing a
small proportion of health professions represented
by physicians, leaving the knowledge mastered
by other healthcare personnel unchecked, limit-
ing these datasets’ capability to comprehensively
assess LLMs’ knowledge in the entire healthcare
system.

Knowledge-related Benchmarks for LLM
Given the advance of LLMs, there was a multitude
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Profession: IEIRGAMERET (Respiratory Therapist)
Subject:  FEIRFRHFE (Respiratory Diseases)

AIBRRIEMT SRR (PEFR) ERIRBAER
EERER, REEEREENEEREE,
BEBRAGBIIREIE B2 B RHHER]
BERE, THSASARE PEFR, BES
BEyEhEE?

A.5 488 (5 mins)

B.30 $4& (30 mins)

Measuring peak expiratory flow (PEFR) is an
important indicator of the severity of airway
obstruction when asthma patients take care of
themselves at home. If a patient has just
finished inhaling a short-acting beta-
sympathetic nerve stimulant, how long should
he wait to measure the PEFR before the value
can be more valuable for judgment? D.2

C.1 /NEF (1 hour)

INEF (2 hours)

Figure 2: An example of questions in EMPEC, texts
in blue are English translations of the original Chinese
question and answers.

of works focussing on benchmarking knowledge
within the models. MMLU (Hendrycks et al., 2020)
and ARC (Clark et al., 2018) collected various ques-
tions from a diverse set of subjects aiming to com-
prehensively assess the world knowledge of mod-
els. GSMS8K (Cobbe et al., 2021) collected grade
school math word problems to benchmark mod-
els’” mathematics reasoning ability. FinBen (Xie
et al., 2024b) aggregated 35 datasets across 23 fi-
nancial tasks aiming to fully assess LLMs’ knowl-
edge and capacity in finance. LawBench (Fei et al.,
2023) compiled datasets to evaluate LLM’s legal
capacities from three cognitive levels. However, in
healthcare, most existing benchmarks concentrate
on examining physicians’ expertise, being unable
to assess models’ knowledge in the whole health-
care system.

3 The EMPEC Dataset

Data Collection and Pre-processing EMPEC
compiles officially published past exams for health-
care professionals in the Professional and Techni-
cal Examinations of Taiwan, Republic of China'.
Each profession’s exams consist of multiple related
subjects designed to comprehensively assess the
candidates medical knowledge and clinical skills
for the profession. Tests for some professions are
conducted biannually, and we have gathered ex-
ams held from 2011 to 2024 of issuance to stream-
line training and evaluation processes. To ensure
the quality of EMPEC, we conducted the follow-
ing pre-processing steps: 1) Excluding exams for
questions requiring non-textual information such
as images or tables; 2) For questions that shared
the same premise, we added the premise for the

1https ://wwwg.moex. gov. tw/exam/
wFrmExamQandASearch. aspx

all following questions. 3) We remove questions
belonging to subjects like "Traditional Chinese lit-
erature" and "Pharmaceutical Administration and
Regulations" to rule out problems that are irrele-
vant or only applied in the local region to calibrate
EMPEC'’s concentration in healthcare knowledge.
4) We use Data-Juicer (Chen et al., 2024) to dedu-
plicate questions that are highly similar to each
other. Detailed process configuration is given in
Appendix E. As a result, we have curated a col-
lection of 157,803 multiple choice questions. In
addition, to investigate whether the model’s per-
formance would be affected by language, we em-
ployed GPT-4 2 to translate the test set to English
using a simple prompt as "Translate the following
question into English". We set the temperature at
0 to ensure reproducibility and asked domain ex-
perts to carefully review a subset of the English
translations to assess their quality (see C for fur-
ther details on the evaluation process). We also
adopted zhconv® to convert the questions into sim-
plified Chinese. This extensive collection covers
20 medical professions across 124 subjects. An ex-
ample of questions in EMPEC is shown in Figure
2. Lastly, we will follow this pipeline to collect the
latest questions issued from the officials.

Dataset Statistics In EMPEC, each question
presents four options, with only one being the cor-
rect choice. Figure 1 illustrates the distribution of
EMPEC questions in various professions. There
are 11 professions taking more than 6% per cent,
7 professions taking about 3%. The questions for
Optometrists and Public Health Specialists take
less than 1% since the exams for the two profes-
sions were recently introduced into the national
exams. In Appendix D, we explicitly show the
subjects examined and the number of questions in
each profession. The average subject of examina-
tion for each profession is more than 6, showing the
diverse assessment of the expertise of each profes-
sion. Thus, EMPEC offers a more comprehensive
coverage compared to prior studies (Wang et al.,
2023b; Jin et al., 2021; Cai et al., 2023) which pri-
marily focused on physicians. We split the dataset
into 3 subsets, train, validation, and test. We first
split the test set from the full dataset via stratified
sampling by profession to ensure the same distribu-
tion. Then, we sampled 10 questions per profession

2https://platform.openai.com/docs/models/
gpt-4o0
*https://github.com/gumblex/zhconv
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from the rest data to form the validation set to fa-
cilitate a few-shot evaluation. The remaining data
serves as the training subset, and the statistics are
shown in Table. 2.

Table 2: Statistics of each split of EMPEC.

Split #Profession #Subject #Year #Question

Train 20 124 14 149,603
Validation 20 100 14 200

Test 20 124 14 8,000

Dataset Characteristics EMPEC has several ad-
vantages over existing medical QA benchmarks:
1) Comprehensive Healthcare Knowledge: Unlike
MedBench (Cai et al., 2023) and CMExam (Liu
et al., 2024), which mainly focus on physicians,
EMPEC evaluates 20 healthcare professions, offer-
ing broader coverage. Existing benchmarks cover
fewer than five occupations. 2) Extensive Question
Pool: EMPEC includes over 157K questions from
124 subjects, surpassing CMExam, MedQA, and
MedBench. 3) High-Quality Assurance: The ques-
tions are crafted by experts and vetted by Taiwan’s
Ministry of Examination. 4) Timestamp and Self-
Growth: EMPEC tracks question release years and
integrates new questions, allowing for assessment
of data contamination in LLM training.

4 Benchmark

4.1 Tested Models

General LLMs We select leading proprietary
LLMs GPT-4-turbo and GPT-3.5-turbo aiming to
set an upper bound for LLLMs’ performance on
EMPEC. For open-source models, We choose
leading English-majored LLMs including Llama-
3 (Al@Meta, 2024), Mistral (Jiang et al., 2023)
as well as five Chinese-majored LLMs Yi (Young
et al., 2024), Qwenl.5 (Bai et al., 2023),
Baichuan2 (Yang et al., 2023), InternLM2 (Cai
et al., 2024), and Ziya-Llama(IDEA-CCNL, 2021).
Both Yi and Qwen1.5 have shown performance on
par with or better than GPT-4 on multiple Chinese
benchmarks.

Medical Domain LLMs As further training
LLMs on in-domain data usually brings improve-
ment in domain-specific tasks (Wang et al., 2023a;
Chen et al., 2023b), we further examined the LLMs
that have been trained or fine-tuned on biomedical
texts. BioMistral-7B (Labrak et al., 2024) is based
on Mistral 7B Instruct v0.1 and further pre-trained

on PubMed Central data. HuatuoGPT2 (Chen et al.,
2023a). The 13B and 34B versions of HuatuoGPT?2
are pre-trained on Baichuan2-13B and Yi-34B re-
spectively using more than 5 million synthetic med-
ical instruction tuning data. HuatuoGPT2-13B is
reported to outperform GPT3.5 by more than 20%
on two Chinese medical benchmarks CMB (Wang
et al., 2023b) and CMExam (Liu et al., 2024).
MMedLLM2 (Qiu et al., 2024), based on InternLM2,
is further pre-trained on 22.5 billion tokens of
health-related text across 6 languages including
Chinese. MedGPT (Xu, 2023) is based on Ziya-
Llama-13B (IDEA-CCNL, 2021), which is a Llama
variant with an expanded vocabulary and further
pre-trained on Chinese and English texts. MedGPT,
on top of Ziya-Llama-13B, is fine-tuned on 240
million Chinese and English medical instruction-
tuning data. Qwenl.5-7B-SFT, we fine-tuned a
Qwen1.5-7B using the training data of EMPEC.

Specifically, we contrast the medical LLMs with
their general counterparts like Baichuan2 and Yi for
HuatuoGPT?2, Ziyal.lama for MedGPT, InternLM?2
for MMedLLM2, Qwen1.5-Chat for Qwen1.5-SFT
to explore the effect of the domain-adaption train-
ing of these models.

4.2 Evaluation settings

We use the 0725 version of GPT-turbo models.
To facilitate zero-shot prompting, we choose the
"Chat" or "Instruct" versions of Llama-3, Mis-
tral(v0.2), Baichuan2, Qwenl1.5, and Yi. We fine-
tuned Qwenl1.5-7B on the EMPEC training sub-
set for 3 epochs using the learning rate of le-4
on 2 A100 GPUs. We use vLLM 0.4.1 (Kwon
et al., 2023) and enable greedy decoding to en-
sure the stability and reproducibility of the results.
The prompt used in zero-shot prompting and fine-
tuning is in Appendix A. The evaluation procedure
follows common practice in previous work (Bai
et al., 2023; Huang et al., 2023) to extract the cor-
rect option from the model’s response. We allow
the model to generate up to 256 tokens for each
question. Moreover, as existing benchmarks suf-
fer the problem of data leakage (Nori et al., 2023;
Zhang et al., 2024), we explicitly conduct the eval-
uation of the question from the exams held in 2024
on models of which the pre-training data cut-off is
before 2024. During our evaluation, questions that
are filtered by the API provider or models fail to re-
spond with the correct choice are deemed incorrect.
A baseline is set by randomly choosing a choice
from A to D. We did not examine few-shot as most
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Table 3: Accuracy of each model on the test set of EMPEC, split by profession. C stands for Chat version and I
stands for Instruction version. Bch2 is short for Baichuan?2.

. Accuracy*
Split GPT4 GPT3.5 Qwenl.5 Llama3-I Yi-C HuatuoGPT2  Bch2-C Mistral-I InternLM2 MMedLM2 MedGPT Ziya BioMistral
- - 70B-C 7B-C 7B-SFT 70B 8B 34B 6B 34B 13B 13B 7B 7B 7B 7B 7B 7B
Nurse 82.75 63.53 77.65 61.18 69.22 70.20 52.75 73.53 48.04 41.96 1725 55.10 40.20 62.16 5843 2431 2941 1882
Dentist 69.27 49.83 53.30 47.22 53.99 57.47 49.31 56.60 3438 33.85 1840 4271 3524 46.18 47.22 24.65 23.61 1875
Midwife 8531 58.04 69.23 49.65 62.24 72.73 53.85 69.93 39.16 41.61  17.48 4930 36.71 55.24 51.05 23.08 2343 16.08
Physician 89.90 67.42 7230 58.01 6847 83.62 6829 73.87 46.34 42.86 14.81 5470 45.12 62.89 62.37 25.09 2578 2091
Dietitian 74.76 5340 70.55 52775 61.49 65.37 47.90 63.43 39.16 44.66 20.71 5049 37.54 56.96 5243 2977 2071 18.77
Pharmacist 75.86 58.15 60.36 49.09 57.14 72.03 53.32 64.59 42.05 4588 1590 45.07 39.44 56.74 51.71 30.38 2676 21.73

Audiologist 72.18 53.17 63.03 4437 5423 59.51 44.72 57.39 34.51
Optometrist ~ 64.10 51.28 51.28 44.87 53.85 52.56 46.15 48.72 37.18
Veterinarian ~ 78.35 55.56 6322 49.81 63.41 63.22 50.38 60.73 38.70
Speech Therap 69.05 46.43 54.76 40.87 59.13 52.38 36.90 51.19 23.81
Dental Tech ~ 59.39 41.12 58.88 50.25 53.81 46.70 44.16 52.28 36.55
Phys Therap ~ 70.25 51.43 52.61 52.27 5849 60.67 52.10 59.33 37.98
Resp Therap ~ 75.43 53.74 52.59 48.56 57.01 61.61 49.52 56.62 36.85
Clin Psych 87.65 67.73 7729 59.76 65.74 72.11 59.36 72.11 46.22
Occup Therap 76.85 58.89 60.93 53.52 65.56 62.41 51.85 61.85 39.44

Rad Tech 76.97 5432 58.73 43.57 59.12 64.68 51.44 54.70 30.33
Counsel Psych 79.30  60.94 7578 61.72 68.75 67.19 60.55 73.44 53.52
PH Spec 82.35 70.59 58.82 5294 76.47 5294 58.82 64.71 47.06

Med Lab Sci.  85.17 67.71 68.86 55.68 63.26 76.77 58.81 66.72 40.53
TCM Prac 50.08 36.24 63.26 39.37 54.53 44.81 34.27 55.85 32.13
Micro Avg. 75.35 55.66 6324 50.79 60.84 64.46 51.41 62.29 38.79
Marco Avg. 75.25 5596 63.17 50.77 61.27 63.02 51.23 61.90 39.18

3415 1937 40.14 3345 49.30 44.37 23.59 20.77 13.03
39.74  16.67 41.03 25.64 44.87 42.31 20.51 2179 1410
36.02 17.62 4387 38.12 53.07 52.49 21.26 2529  21.07
3333 19.05 3849 2937 40.87 41.67 27.78 2222 1587
35.03  13.71 38.07 23.86 44.67 43.65 3147 2690 17.77

36.13  19.50 46.89 3647 53.28 50.76 28.24 2454  19.66
3532 20.54 4242  39.16 49.90 47.22 2438 2438 17.66
43.03 1992 5498 45.82 67.33 64.54 31.47 31.87 23.11
3648 20.56 5037  40.56 56.11 54.63 3037 2648 19.81

3340 17.66 38.96 34.36 51.06 48.37 2553 2092 1555
42.19  16.02 60.55 43.75 64.84 61.72 3125 2891 1641
41.18 41.18 5294 47.06 52.94 41.18 41.18 17.65 3529
43.00 18.12 54.04 4481 60.30 58.32 3031 26.19 2257
2191 13.84 43.16 2471 49.59 44.98 1631 1730  8.40
3745 1781 4720 3744 54.50 52.08 26.08 2451 18.25
38.06 18.86 47.17 37.09 53.94 51.02 27.00 2426 18.74

* A random guess baseline gets 24.96% micro average accuracy

of the tested models are specifically fine-tuned for
following instructions.

5 Analysis

In general, all the tested models show unsatisfying
performance. The average accuracy of 12 out of the
17 tested models is under 60% on EMPEC where
random guessing can reach about 25%. The results
suggest the difficulty of our benchmark and the
healthcare knowledge gap in existing LLMs.

5.1 Results of general LLMs

From the accuracy of each profession and the
average overall profession, GPT-4 shows an evi-
dent lead among the tested models, with only a
second Qwen1.5-70B-Chat in Traditional Chinese
Medicine Practitioner. Another proprietary model,
GPT-3.5 shows a nearly 20% performance drop
from GPT 4. Open-source models are far behind
GPT-4, the accuracy of the best-performing mod-
els, Qwen1.5-70B-Chat and Llama3-70B-Instruct,
is around 63% — 12% less than GPT-4. However,
gained from training on a large proportion of Chi-
nese data, Yi-34B and Qwen1.5-70B beat GPT 3.5.
Observing the results of Yi, Qwen1.5, and Llama-3,
we see that increasing the model size can benefit
models’ performance as expected. Among mod-
els of around 7B size, InternLM2, Qwenl.5-Chat,
and Llama3-8B-Instruct achieve over 50% accu-
racy while Mistral and Yi are slightly lower than
40%.

5.2 Results of medical domain LLMs

HuatuoGPT2, MMedLLM2, and MedGPT, despite
being based on Chinese-focused LLMs and specif-
ically trained on medical data, show poor per-
formance in EMPEC. The results of MedGPT
are slightly higher than random guess while
HuatuoGPT2-13B even underperforms the random
baseline. MMedLLM2 performs best among medi-
cal LLMs, achieves 45% accuracy with 7B param-
eters, but still lags behind Yi-6B and Qwen1.5-7B.
We noticed that part of the reason for poor perfor-
mance is the loss of instruction-following ability.
For instance, HuatuoGPT?2, despite being able to
generate plausible response, sometimes deviates
from the questions and often fails to conclude an
answer. HuatuoGPT?2 underperforms Baichuan-2-
13B-Chat and Yi-34B-Chat which shares the same
base model but fine-tuning on general instruction
data. The findings are different from the results re-
ported in Wang et al. (2023b) where HuatuoGPT?2
outperforms Baichuan2 by a large margin in Chi-
nese medical questions. In addition, InternLM?2
leads MMedLLM2 by more than 2% accuracy while
fine-tuned MMedLLM2 outperforms InternLM2 on
MedQA (Jin et al., 2021). Only Medical GPT out-
performs Ziya-Llama by around 2%. In conclu-
sion, we do not observe evident enhancement on
EMPEC brought by fine-tuning or pre-training in
the three works, contrasting the findings on exist-
ing benchmarks like CMB (Wang et al., 2023b).
Therefore, we argue that, compared to the exist-
ing Chinese healthcare benchmark, our new EM-
PEC provides a more robust platform for the eval-
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uation of domain-adaptation LLMs. This finding
further suggests that the current improvement in
domain adaptation could result in an over-fit of
the tested distribution, which might not hold once
the distribution switches. Moreover, our fine-tuned
Qwenl.5-7B model achieves 61% accuracy, nearly
11% better than the Chat counterpart and close to
Qwenl.5-70B-Chat, suggesting that the training
data of EMPEC can be an effective supplement of
current medical domain adaptation endeavours.

5.3 Results by profession

We further examined the performance of the
models by profession. While GPT-4 prevails
on 19 of the 20 professions, Qwen1.5-70B-Chat
achieves the highest accuracy in Traditional Chi-
nese Medicine Practitioner. Then we rank the
accuracy of each profession within every model
and then aggregate rankings across models. The
best three performed professions are Clinical Psy-
chologist, Physician, and Nurse while the models
mostly struggle to answer questions for Dental tech-
nician, Speech Therapist, Optometrist, Dentist, and
TCM Practitioner, which seem connect more to
specific medical subject. We assume this differ-
ence is rooted in the frequency of knowledge in the
training data of these models and the rareness of
knowledge of these bad-performing professions as
Kandpal et al. (2023) has suggested. Take GPT-4
as an example, it achieves nearly 90% accuracy
for physicians of which related-documents are rich
on the Internet and books, while its performance
on rarely touched professions like Dental techni-
cian and Traditional Chinese Medicine Practitioner
is lower than 60%. Interestingly, all tested med-
ical domain LLMs except Qwenl.5-7B-SFT do
not show a better performance compared to their
general counterparts even on physicians which is
the focus of their finetuning data. However they
generally unsatisfying performance in each profes-
sion indicating the importance of data diversity in
building an LLM for healthcare. By breaking the
overall results into professions, EMPEC is able
to precisely detect LLM’s knowledge gap in the
healthcare domain.

5.4 Results on the unseen questions

During the collection of EMPEC, we found that
some of the past questions are freely available on
the Internet, the possibility of the data having been
seen by LLMs cannot be ruled out. Thus, we explic-
itly composed a dataset containing 3497 questions

issued in the exams in 2024, which should not be
seen by the models of which cut-offs are before
2024. The statistics of this data set are given in Ta-
ble 6. We tested GPT-4-turbo(cutoff on Dec. 2023),
GPT-3.5-turbo(cutoff on Sept. 2021), Yi (cutoff on
Dec. 2023), Baichuan-2 (released on Sept. 2023),
and Mistral (released at Dec. 2023) on the ques-
tions released in 2024. It is important to note that
this split might have overlapped with the test set of
EMPEC and the included professions are limited,
as the exams for the rest professions have not been
held yet. The results are in Table 4. In general, we
observed that the results of questions 2024 are very
close to the results obtained from the test set across
assessed models. In other words, the performance
rankings are held as in the test set. Moreover, the
professions where models perform well, such as
Physician and Nurse, perform poorly, such as Den-
tist and Traditional Chinese Medicine Practitioner
also keep in the latest questions set. The findings
strongly suggest the robustness of the EMPEC test
set, as the performance of the models is consistent
with that of the unseen data. In addition, it also
indicates that the tested models do not gain their
performance by reciting seen examples.

5.35 o @ Traditional
= simplified

619 61276144

Figure 3: Micro average accuracy of models on tradi-
tional Chinese and simplified Chinese. C stands for
Chat version and I stands for Instruction version

5.5 Results by language

As many of the tested models are trained primar-
ily in English, we tested them to exmaine the
impact brought by transfering to English. Fig-
ure 4 shows the performance of models in the
English-translated test set, more results are shown
in Table 5, we observed that GPT-4, Llama 3, Yi,
MMedLM 2, and Mistral demonstrated improved
performance following translation. However, In-
ternLM 2 and Qwen 1.5-Chat exhibited a decline. It
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Table 4: Performance of models on questions from 2024. Colored numbers are the results of questions from exams
in 2024 while the black ones are the results of the test set. Red indicates higher while blue suggests degrade.

Profession Accuracy
GPT 4 GPT 3.5 Yi-Chat-34B Baichuan2-Chat-13B Mistral-Instruct-7B-v0.2

Phys Therap 73.05 (70.25)  50.78 (51.43)  54.34 (59.33) 49.00 (46.89) 36.97 (36.47)
Rad Tech 72.58 (76.97) 51.52 (54.32) 58.68 (54.70) 44.63 (38.96) 34.44 (34.36)
Physician 85.74 (89.90) 63.39 (67.42) 72.18 (73.87) 48.74 (54.70) 44.77 (45.12)
TCM Prac 57.05 (50.08) 36.58 (36.24) 50.65 (55.85) 46.97 (43.16) 24.03 (24.71)
Dentist 67.22 (69.27) 47.29 (49.83) 50.82 (56.60) 39.76 (42.71) 38.82 (35.24)
Pharmacist 76.24 (75.86) 58.01 (58.15) 63.54 (64.59) 47.51 (45.07) 38.40 (39.44)
Med Lab Sci. 85.97 (85.17) 63.92 (67.71) 67.93 (66.72) 47.88 (54.04) 43.21 (44.81)
Dietitian 75.93 (74.76) 55.51 (53.40) 60.29 (63.43) 45.59 (50.49) 40.44 (37.54)
Nurse 87.76 (82.75)  71.31(63.53)  78.48 (73.53) 56.54 (55.10) 43.46 (40.20)
Micro Avg. 75.12 (74.54) 54.48 (55.47) 61.11 (62.82) 47.07 (47.70) 37.95 (37.44)
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Figure 4: Micro average accuracy of models on tradi-
tional Chinese and English. C stands for Chat version
and I stands for Instruction version

is evident that models primarily trained in English
or continual-pretrained in English like MMedLM2
benefit from this transition. However, it is cru-
cial to note that, in English, accuracy trends by
profession remain consistent. Models continue to
struggle with specialities such as Dietitian, Audi-
ologist, Optometrist, and Veterinarian, further un-
derscoring the unique challenges posed by the EM-
PEC dataset. Furthermore, the slightly lower per-
formance of BioMistral compared to Mistral rein-
forces our assertion that current medical LLMs do
not consistently outperform their general-purpose
counterparts in comprehensive healthcare knowl-
edge.

The difference between traditional Chinese and
simplified Chinese can affect the readers’ analytic
skills (Liu and wen Hsiao, 2012). We further in-
vestigated the performance of a subset of tested
models on the test set in traditional Chinese and
simplified Chinese. The results are shown in Fig-
ure 3. From traditional to simplified, contrary ef-
fects are observed among the models with GPT-4,
Yi-Chat, and Qwen1.5-Chat suffering slight per-

formance drops while HuatuoGPT2, MMedLLM2,
Llama3-Instruct, Qwen1.5-SFT enjoying slight im-
provement. However, the performance across these
models between the two kinds of Chinese does not
vary greatly though the traditional and simplified
characters do not share the same tokens. We as-
sume that the character difference in traditional and
simplified Chinese does not affect the model’s per-
formance as the co-occurrence relations of these
characters are similar in the two kinds of Chinese.

6 Conclusion and Discussions

We introduced EMPEC, the most comprehensive
healthcare knowledge benchmark to date, encom-
passing 157,803 questions across 124 subjects and
20 healthcare occupations. EMPEC goes beyond
the physician-centric focus of previous medical
benchmarks to provide a holistic assessment of the
knowledge of LLM in a wide spectrum of health
disciplines. Our extensive experiments, which
tested both proprietary and open-source models,
revealed several important findings. Although
the best general LLMs performed reasonably well
in common professions such as Physicians and
Nurses, they struggled with rarer specialities like
Dental Technicians, Optometrists, and TCM Prac-
titioners. This highlights the need for more work
to improve the knowledge of LLMs in healthcare
beyond the expertise of physicians that has been the
primary focus so far. Interestingly, we found that
existing medical domain-specific LLMs did not per-
form better on EMPEC compared to their general
counterparts not specialised in healthcare. Further-
more, our experiments indicate that the models’
performance on the EMPEC test set can predict
their effectiveness in addressing unseen healthcare-
related queries. We also found that the transition
from traditional to simplified Chinese characters
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InterLM2-7B-Chat BioMistral-7B. MMedLM2-7B  Yi-Chat-6B Qwenl.5-7B-Chat Mistral-7B-Instruct v0.2 GPT4 Llama3-8B-Instruct GPT3.5

Nurse 57.45 56.86 63.33 60.20
Dentist 40.28 45.49 45.49 4236
Midwife 51.05 54.55 58.39 56.29
Physician 49.48 55.05 65.16 60.80
Dietitian 48.87 50.16 55.66 51.13
Pharmacist 46.98 48.79 54.44 50.00
Audiologist 42.05 44.17 50.18 42.40
Optometrist 34.62 38.46 43.59 50.00
Veterinarian 40.23 47.89 52.11 50.00
Speech Therap 40.87 38.10 45.24 36.51
Dental Tech 34.52 42.64 47.21 46.19
Phys Therap 41.32 50.76 54.97 46.37
Resp Therap 42.12 44.81 47.88 45.96
Clin Psych 54.40 63.60 68.80 58.80
Occup Therap 48.15 50.19 55.56 52.78
Rad Tech 4451 51.25 54.72 47.98
Counsel Psych 54.69 57.81 62.11 59.38
PH Spec 70.59 52.94 70.59 52.94
Med Lab Sci. 50.74 57.33 63.10 58.32
TCM Prac 30.31 28.34 36.24 32.78
Marco Avg. 46.16 48.96 54.74 50.06
Micro Avg. 45.06 48.96 54.15 49.79

44.71 62.35 82.55 71.37 71.76
38.54 46.70 74.13 53.65 53.30
45.45 56.64 84.27 61.54 66.43
49.83 55.40 90.77 75.09 69.86
42.39 51.46 77.35 58.90 64.08
41.73 53.63 76.61 57.46 60.89
34.28 42.05 72.08 49.47 56.89
53.85 52.56 65.38 51.28 60.26
43.68 50.38 81.23 60.34 65.90
30.16 40.08 75.40 50.79 5437
40.10 41.62 68.02 46.19 47.72
39.63 45.70 75.04 57.17 57.50
39.04 45.77 74.81 51.54 56.92
54.00 64.00 85.20 72.00 76.00
40.19 51.48 78.70 58.89 65.93
39.50 47.21 75.72 55.49 57.23
43.75 56.25 85.55 67.19 71.09
52.94 64.71 64.71 8235 8235
45.80 56.84 86.00 69.03 71.00
26.85 29.98 51.57 32.45 34.76
42.32 50.74 76.25 59.11 62.21
41.08 49.70 77.10 58.26 60.87

Table 5: Performance of each model on the English translation of the test set of EMPEC, split by profession.

had negligible impact on model performance. EM-
PEC lays the foundation for the development of
advanced LLMs for the healthcare domain, provid-
ing a more comprehensive and nuanced evaluation
of their capabilities in a wide range of health pro-
fessions.

Limitations EMPEC has several limitations:
Some professions included in EMPEC have a rel-
atively smaller representation compared to others,
which may restrict EMPEC’s effectiveness in evalu-
ating knowledge in those specific professions. The
English translation is generated by LLMs without
further examination of experts.

Societal Impacts Although EMPEC is designed
to improve the evaluation of LLM in the medical
field, it should not be used to assess individual
medical competence or to diagnose any patient.
Any conclusions drawn from models trained on this
dataset should take into account its limitations. The
dataset’s use should be confined to research pur-
poses to prevent potential misuse. In addition, as
the simplified Chinese version and English version
are obtained including conversion and translation,
we cannot guarantee the accuracy are fully aligned
with the original questions.

The datasets are built using publicly available
open-source data from Taiwan’s Ministry of Ex-
amination. Their use is encouraged, provided the
source is clearly cited. Furthermore, the questions
in the datasets do not contain any private informa-
tion.
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A Prompt

The prompt used in the zero-shot evaluation and supervised fine-tuning is shown in Fig. 5.

[Question]

&2 (Answer)

Figure 5: The prompt used in the zero-shot evaluation and supervised fine-tuning. The texts in blue are the English
translations of the Chinese content.

B Statistics of EMPEC Questions Issued in 2024
The detailed statistics of EMPEC

Professors Number of questions
Physical Therapist 449
Radiologic Technologist 363
Physician 478
Traditional Chinese Medicine Practitioner 462
Dentist 425
Pharmacist 362
Medical Laboratory Scientist 449
Dietitian 272
Nurse 237

Table 6: Number of questions for each profession in questions issued in 2024

C Human assessment of English translation

We conducted a manual evaluation of the English translations generated by GPT-4 using 10%(800) of the
EMPEC test set. The evaluation was performed by a PhD-level medical student who is a native Chinese
speaker and fluent in professional biomedical English. No errors were identified in the translations
reviewed.

D Subject distributions in EMPEC
We show the distribution of subjects in EMPEC in Table 7.
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Table 7: Subjects examined for each profession

Profession Subjects #Subjects #Questions
Traditional Chinese Medicine Practi- Basic Chinese Medicine (1-2); Clinical Chinese Medicine (1-4); Pharmacy and Biopharmaceutics 7 11954
tioner
Medical Laboratory Scientist Clinical Hematology and Blood Bank; Biochemistry and Clinical Biochemistry; Microbiology 7 11938
and Clinical Microbiology; Clinical Serum Immunology and Clinical; Medical Molecular Testing
and Clinical; Clinical Physiology and Pathology; Clinical Mirror Examination
Physical Therapist Basic Physical Therapy; Cardiopulmonary and Pediatric Disease Therapy; Orthopedic Disease 6 11698
Physical Therapy; Neurological Disease Physical Therapy; Introduction to Physical Therapy;
Physical Therapy Techniques
Dentist Dentistry (1-6) 6 11468
Physician Medicine(1-6); Clinical Psychology Special Topics 7 11366
Occupational Therapist Anatomy and Physiology; Psychological Disability Occupational Therapy; Occupational Therapy 6 10646
Techniques; Introduction to Occupational Therapy; Pediatric Occupational Therapy; Physiologi-
cal Disability Occupational Therapy
Radiologic Technologist Basic Medical Science; Radiation Therapy Principles and Techniques; Nuclear Medicine Diagno- 6 10307
sis Principles and Techniques; Medical Physics and Radiation Safety; Radiological Equipment;
Radiological Diagnosis Principles and Techniques
Respiratory Therapist Cardiopulmonary Basic Medical Science; Respiratory Principles and Applications; Intensive 6 10301
Respiratory Therapy; Respiratory Therapy Equipment; Respiratory Diseases; Basic Respiratory
Therapy
Veterinarian Veterinary Laboratory Diagnosis; Veterinary Pharmacology; Veterinary General Diseases; Veteri- 6 10292
nary Infectious Diseases; Veterinary Pathology; Veterinary Public Health
Nurse Internal and Surgical Nursing; Basic Nursing; Basic Medical Science; Mental Health and 9 10066
Community Health Nursing; Obstetric and Pediatric Nursing; Overview of Basic Medical
Science; Obstetrics, Psychiatry and Community; Overview of Basic Nursing; Overview of
Internal and Surgical Nursing
Pharmacist Pharmacotherapy; Pharmacy; Dispensing and Clinical Pharmacy; Pharmacology and Pharmaceu- 5 9767
tical Chemistry; Pharmacy and Biopharmaceutics
Dietitian Group Meal Design and Management; Diet Therapy; Nutrition; Food Hygiene and Safety; 6 6088
Physiology and Biochemistry; Public Health Nutrition
Midwife Midwifery (1-2); Nursing for All Specialties; Basic Medical Science; Basic Nursing 5 5642
Audiologist Basic Audiology; Hearing and Language Communication Disorders; Health of Auditory and 6 5600
Balance Systems; Electrophysiological Audiology; Behavioral Audiology; Principles and Prac-
tice of Hearing Aids
Counseling Psychologist Counseling and Psychotherapy Theories; Counseling and Psychotherapy Practice and; Human 10 5014
Behavior and Development; Group Counseling and Psychotherapy; Case Assessment and Psy-
chological Evaluation; Psychological Foundations of Counseling; Mental Health and Abnormal
Psychology; Mental Health; Psychological Testing and Assessment; Counseling and Psychother-
apy Practice
Speech Therapist Articulation and Fluency Disorders; Basic Linguistics; Communication Disorders Overview; 6 4973
Neurological Communication Disorders; Child Language Disorders; Voice and Swallowing
Disorders
Clinical Psychologist Special Topics in Clinical Psychology (1-2); Clinical Psychology Special Topics (1-2); Basic 5 4923
Clinical Psychology
Dental Technician Dental Technology (1-4) 4 3885
Optometrist Optometry; Low Vision; Eye Anatomy, Physiology and Ethics; Contact Lens and Dispensing; 5 1538
Visual Optics
Public Health Specialist Health Administration and Management; Epidemiology; Environmental and Occupational 5 337
Health; Biostatistics; Health Social Behavior
Total 124 157803
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E Example of Deduplicate Configuration

# global parameters
project_name: 'all'

dataset_path: '/path/to/your/dataset’
export_path: '/path/to/result/dataset.jsonl’

np: 4
open_tracer: true

# project name for distinguish your configs

# path to your dataset directory or file

# path to processed result dataset.

# number of subprocess to process your dataset
# whether to open the tracer to trace the changes

# It might take more time when opening tracer

# process schedule: a list of several process operators with their arguments

process:

# Mapper ops. Most of these ops need no arguments.

- clean_email_mapper:

- clean_links_mapper:

- clean_copyright_mapper:
- expand_macro_mapper:

- fix_unicode_mapper:

# Filter ops

- average_line_length_filter:
max_len: 1500

- language_id_score_filter:
lang: zh
min_score: 0.95

- maximum_line_length_filter:
#min_len: 10
max_len: 7328

- special_characters_filter:
#min_ratio: 0.0
max_ratio: 0.3

- text_length_filter:
min_len: 10
max_len: 10000

- document_simhash_deduplicator:
tokenization: space
window_size: 6
num_blocks: 6
hamming_distance: 4
ignore_pattern: null

remove emails from text.

remove web links from text.

remove copyright comments.

expand macro definitions in Latex text.
fix unicode errors in text.

T

# filter text with the average length of lines

# filter text in specific language with language scores
# keep text in what language
# the min language scores to filter text
# filter text with the maximum length of lines
# the min length of filter range
# the max length of filter range
# filter text with special-char ratio out of specific range
# the min ratio of filter range
# the max ratio of filter range
# filter text with length out of specific range
# the min length of filter range
# the max length of filter range
# deduplicate text samples using SimHash-LSH method
# tokenization method for text.
# window size of shingling
# number of blocks in SimHash computing
# the max hamming distance to regard 2 samples
# whether to ignore sub-strings with specific pattern
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