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Abstract

Recent advancements in large language models (LLMs) have transformed the field
of question answering (QA). However, evaluating LLMs in the medical field is
challenging due to the lack of standardized and comprehensive datasets. To address
this gap, we introduce CMExam, sourced from the Chinese National Medical
Licensing Examination. CMExam consists of 60K+ multiple-choice questions for
standardized and objective evaluations, as well as solution explanations for model
reasoning evaluation in an open-ended manner. For in-depth analyses of LLMs,
we invited medical professionals to label five additional question-wise annotations,
including disease groups, clinical departments, medical disciplines, areas of com-
petency, and question difficulty levels. Alongside the dataset, we further conducted
thorough experiments with representative LLMs and QA algorithms on CMExam.
The results show that GPT-4 had the best accuracy of 61.6% and a weighted F1
score of 0.617. These results highlight a great disparity when compared to human
accuracy, which stood at 71.6%. For explanation tasks, while LLMs could generate
relevant reasoning and demonstrate improved performance after finetuning, they
fall short of a desired standard, indicating ample room for improvement. To the
best of our knowledge, CMExam is the first Chinese medical exam dataset to pro-
vide comprehensive medical annotations. The experiments and findings of LLM
evaluation also provide valuable insights into the challenges and potential solutions
in developing Chinese medical QA systems and LLM evaluation pipelinesﬂ

1 Introduction

Recent advancements brought by large language models (LLMs) such as TS (Raffel et al.,|2020) and
GPT-4 (OpenAlL [2023) have revolutionized natural language processing (NLP). However, evaluating
LLMs in the medical field poses significant challenges due to the paucity of standardized and
comprehensive datasets compiled from reliable and unbiased sources (Li et al., |2023; Zhou et al.|
2023b; Hua et al.| |2024; Ye et al., 2023} Liu et al.,2023d). Most existing medical datasets (Hendrycks
et al.,|2020; |Abacha et al.| 2019b; |Li et al., 2023 Zhou et al., |2022) for language model evaluation
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Figure 1: An example question of CMExam. Abbreviations: Circulatory System Diseases (Circ),
Internal Medicine (IM), Clinical Medicine (ClinMed), Medical Fundamentals (MedFund).

have limitations that hinder comprehensive assessment of LLM performance (Nori et al., [2023)).
Many datasets are insufficient in terms of size and diversity, preventing a thorough evaluation of LLM
capabilities. Furthermore, most datasets primarily focus on text generation tasks rather than utilizing
clear choice evaluations, impeding objective and quantitative measurement of LLM performance.
Additionally, a majority of these datasets (Li et al., 2023} |Pal et al.,2022; |Zhu et al.,|2020) are sourced
from online forums and consumer feedback, which could suffer from significant bias and error. These
challenges are particularly amplified in non-English languages, such as Chinese, due to the pervasive
inequality in language resources that exists in the NLP field (Bird, 2020; [Zeng et al., [2022} [Fang
et al.| 2023)). Overall, due to the lack of qualified evaluation datasets, the strengths and weaknesses of
LLMs in the medical field have not been fully studied.

In response, we present a novel dataset called CMExam to overcome these challenges and benchmark
LLM performance. CMExam is sourced from authentic medical licensing exams. It contains more
than 60K questions and utilizes the multiple-choice question format to allow standardized and
objective evaluations. Questions in CMExam have corresponding solution explanations that can be
used to test LLM’s reasoning ability in an open-ended manner. To offer diverse perspectives for
measuring LLM performance in the medical field, we created five additional question-wise annotation
dimensions based on authenticated resources and objective metrics. To reduce the substantial time
and labor costs associated with annotating large-scale datasets, we propose an innovative strategy
called GPT-Assisted Annotation. This approach harnessed the power of GPT-4 to automate the initial
annotation process. Subsequently, the annotated data underwent a meticulous review and manual
verification conducted by two medical professionals. Figure [T] shows an example question from
CMExam and the annotation process.

Furthermore, we benchmark the performance of general domain LLMs and medical domain LLMs
on answer prediction (multiple-choice) and answer reasoning (open-ended) tasks of CMExam. This
comprehensive assessment aims to highlight the strengths and weaknesses of various approaches in
Chinese medical QA, with a focus on LLMs. The main findings of this benchmark are as follows:

* GPT-4 (OpenAl, [2023) demonstrates impressive zero-shot performance on the answer prediction
task compared to other models, though still significantly lagging behind human performance.

e GPT-3.5 (Brown et al.}|2020) and GPT-4 generated reasonable answers on the answer reasoning
task despite low BLEU and ROUGE scores. This is because they tended to generate short answers
with reasonable quality.

* Existing medical domain LLMs, such as Huatuo (L1 et al.,[2023)) and DoctorGLM (Xiong et al.,
2023), exhibit poor zero-shot performance on both tasks, indicating their limited coverage of
medical knowledge and substantial room for improvement.

* Lightweight LLMs (e.g., ChatGLM (Du et al.,[2022))) fine-tuned on CMExam with supervision
chieve performance close to GPT-3.5 on the answer prediction task. They also significantly
outperform GPT-3.5 and GPT-4 on the reasoning task while having only 3% of the parameters of
GPT-3.5.

In summary, this study provides valuable insights into the performance of LLMs in medical contexts
from multiple perspectives, benefiting both the artificial intelligence research community and the
medical research community. Our findings contribute to a deeper understanding of the capabilities
and limitations of LLMs in the medical domain. Additionally, the CMExam dataset and benchmark
introduced in this study serve as valuable resources to inspire researchers to explore more effective
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ways of integrating medical knowledge into LLMs, ultimately enhancing their performance in medical
applications.

Table 1: A review of medical QA datasets. * indicates availability of additional annotations with
authoritative references, T indicates availability of benchmarks, and 1 indicates datasets with more

than 50K questions
Question Type

Multiple Choice Open-ended
LiveQA-Med (Abacha et al.|[2017)
CliCR? (Suster and Daelemans|[2018)
HealthQA (Zhu et al.{[2019)
MEDIQA (Abacha et al.[[2019b)
Consumer Questions MedMCQA (Pal et al.|[2022) emrQA* (Pampari et al.[[2018)
MedQuaD (Ben Abacha and Demner-Fushman/[2019)
English MedicationQA™ (Abacha et al.[[2019a)
MEDIQA-AnNS (Savery et al.{[2020)
MASH-QA (Zhu et al.[[2020)

Language Data Source Type

MEDQA*(Jin et al.|[2021)

MMLUT# (Hendrycks et al.|2020) BioASQ (Krithara et al.|[2023)
MedMCQA (Pal et al.[[2022) MultiMedQA*T (Singhal et al.|[2022)
MultiMedQA*T (Singhal et al.|[2022)

Research, Books, or Exams

webMedQA*! (He et al.[[2019)
cMedQA-v1.0* (Zhang et al.|2017)

Consumer Questions - cMedQA-v2.0* (Zhang et al.|2018)
ChiMed (Tian et al.[|2019)

Chinese =
Huatuo-26M' (Li et al.!|2023)
. ) _ MLEC-QA! (Zeng et al.|[2023a) MLEC-QA? (Zeng et al.|[2023a)
Research, Books, or Exams CMExam*f(ours) CMExam*(ours)

2 Related Work

Medical Question-Answering Datasets Table || presents a summary of medical QA datasets
published after 2017. In particular, we focus on categorizing the data source and question types of
the different datasets. Most existing medical QA datasets adopt an open-ended format, primarily
because they were constructed directly from consumer questions and answers from doctors. However,
multiple-choice and fill-in-the-blank questions provide a more standardized and objective evaluation,
and only a small portion of medical QA datasets have adopted these formats. Notable examples
include CliCR (guster and Daelemans, 2018), MEDQA (Jin et al., 2021), MMLU (Hendrycks et al.,
2020), MLEC-QA (Zeng et al.l|2023a), and MedMCQA (Pal et al.| 2022). Note that the multiple-
choice questions in MultiMedQA (Singhal et al, [2022) come from MEDQA, MedMCQA, and
MMLU.

Data source types generally determine the reliability of a dataset. Consumer questions collected from
web sources require human review to ensure the correctness of the answers. As datasets grow in size,
quality control becomes increasingly challenging (Li et al.| 2023). In contrast, datasets built from
case reports (e.g., CliCR), research literature (e.g., BioAsq (Krithara et al., 2023))), medical books,
exams, and related practices (e.g., MMLU and MedMCQA) are often more reliable.

From Table [T} we observe that there are few datasets based on multiple-choice questions from
authoritative sources. This characteristic distinguishes CMExam from the MLEC-QA dataset, which
is also derived from the Chinese National Medical Licensing Examination. In essence, CMExam has
been meticulously crafted as a foundational benchmark dataset. It introduces question explanations for
reasoning ability inspection incorporates expansive annotation facets with authoritative references,
and includes questlon wise medlcal competenc1es and dlfﬁculty ratmgs calculated from human
2 2 S or-authoritative LLM
performance assessment and meanlngful human machme comparlsons Table [2] presents a list of
innovations and characteristics of CMExam, which are discussed in detail in the following sections.

Other Benchmark Datasets of Large Language Models The assessment of LLMs has witnessed
significant progress, with the introduction of diverse benchmarks that evaluate different dimensions
across multiple languages, models and tasks (Liu et al.||2023blc; |Zhou et al.| |2023a). Many datasets
focus on assessing natural language understanding and reasoning capabilities of LLMs. RACE (Lai
et al.| 2017) includes English exams for Chinese middle and high school students. TriviaQA (Joshi
et al.,2017) consists of question-answer pairs authored by trivia enthusiasts. DROP (Dua et al.,|2019)
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Table 2: Additional annotations of CMExam.

Annotation Content References Unique values
Disease Groups The 11th revision of ICD-11 27
Clinical Departments The Directory of Medical Institution Diagnostic and Therapeutic Categories (DMIDTC) 36
Medical Disciplines List of Graduate Education Disciplinary Majors (2022) 7
Medical Competencies Medical Professionals 4
Difficulty Level Human Performance 5

evaluates reading comprehension with discrete reasoning and arithmetic components. GLUE (Wang
et al.| [2018) encompasses four existing NLU tasks, while SuperGLUE (Wang et al.| 2019) extends it
with a more challenging benchmark of eight language understanding tasks. Other datasets, such as
HellaSwag (Zellers et al.,2019) and WinoGrande (Sakaguchi et al.| 2021)), focus on commonsense
reasoning. Truthful QA (Lin et al.l 2021) includes health, law, finance, and politics, to assess LLMs’
ability to mimic human falsehoods, while MMCU (Zeng|, [2023) covers medical, legal, psychology,
and education to evaluate multitask Chinese understanding. In addition to language understanding
and reasoning, several datasets focus on specific subjects and topics, such as Python coding tasks
(Chen et al.; |2021), middle school mathematics questions (Cobbe et al.,2021) and defending against
attacks (Y1 et al., 2023} Xie et al.| 2023} |Pi et al.| 2024). Notably, both C-Eval (Huang et al.,|2023))
and M3KE (Liu et al.|[2023a) serve as multi-level multi-subject evaluation benchmarks, making them
particularly suitable for assessing the capabilities of LLMs across multiple domains.

3 The CMExam Dataset

Data Collection and Pre-processing CMExam comprises authentic past licensed physician exams
in the Chinese National Medical Licensing Examination (CNMLE) collected from the Internet. The
CNMLE, also known as the Physician Qualification Examination, is a standardized exam that assesses
applicants’ medical knowledge and skills in China. It includes a written test with multiple-choice
questions covering various medical subjects and a clinical skills assessment simulating patient diag-
nosis and treatment. We excluded questions that rely on non-textual information, including questions
with external information such as images and tables, and questions with keywords "graph" and "table".
Duplicate questions were removed from the dataset. In total, 96,161 questions, 68,119 of which were
retained after pre-processing. The dataset was then randomly split into training/development/test sets
with a ratio of 8:1:1. Each question in the dataset is associated with an ID, five candidate answers,
and a correct answer. 85.24% of questions have brief solution explanations and questions in the test
set contain additional annotations.

Data Annotation CMExam provides a comprehensive analysis of LLM performance through
five additional annotation dimensions. The first dimension involves disease groups based on the
11th revision of the International Classification of Diseases (ICD-11) (World Health Organization
(WHO), 2021)). ICD-11 is a globally recognized standard classification system for documenting
and categorizing health conditions, consisting of 27 major disease groups. The second dimension
comprises 36 clinical departments derived from the Directory of Medical Institution Diagnostic
and Therapeutic Categories (DMIDTC) EL published by the National Health Commission of China.
DMIDTC is an authoritative guide used for categorizing and naming diagnostic and therapeutic
subjects within healthcare institutes. In cases where the question cannot be successfully classified
by ICD-11 or DMIDTC, the annotation is marked as "N/A". The third dimension refers to medical
disciplines, which are categorized based on the List of Graduate Education Disciplinary Majors
(2022) published by the Ministry of Education of the People’s Republic of Chinzﬂ This dimension

~____encompasSes Seven categories representing study majors used in universities. The fourth dimension
was created by two medical professionals within the team to assess the primary medical competency
tested by each associated question. It consists of four categories. The fifth dimension represents five
potential difficulty levels of each question, determined by analyzing the correctness rate observed
in human performance data collected alongside the questions. For detailed information on these
additional annotations including their potential values, please refer to Table [0} 12} [T0} [TT] And our
proposed GPT-Assisted Annotation strategy is shown in supplementary materials.

2http://www.nhc.gov.cn/fzs/s3576/201808/345269bd570b47e7aef9a60f5d17db97 . shtml
3 http://wuw.moe.gov.cn/srcsite/A22/moe_833/202209/t20220914_660828.html

https://doi.org/10.52202/075280-2283 52433


http://www.nhc.gov.cn/fzs/s3576/201808/345269bd570b47e7aef9a60f5d17db97.shtml
http://www.moe.gov.cn/srcsite/A22/moe_833/202209/t20220914_660828.html

Dataset Characteristics The CMExam dataset has several advantages over previous medical QA
datasets regarding: 1)Reliability and Authenticity: CMExam is sourced exclusively from the CNMLE
that undergoes rigorous review and validation processes, ensuring its accuracy and adherence to
established medical standards. 2) Standardization and Comprehensiveness: CMExam includes both
multiple-choice questions that ensure fair and objective evaluations of models’ performance and
question-wise open-ended reasoning that allows in-depth analysis and assessment of model reasoning
abilities and comprehension. Despite the inherent absence of explanations within the CNMLE,
we cross-referenced exam questions with solutions offered by diverse online medical examination
preparation platforms, effectively enhancing the dataset’s informational depth. CMExam reflects the
comprehensive coverage of medical knowledge and reasoning required in clinical practice, as it is
sourced from carefully designed national medical exams. The inclusion of five additional annotation
dimensions enhances the dataset’s rigor and offers valuable insights for in-depth evaluation and
analysis. 3) Scale: CMExam consists of over 60K high-quality questions, providing a large and
reliable dataset.

Data Statistics The dataset has a total of 68,119 questions, with 65,950 answers being single-choice
and 2,169 being multiple-choice, with a maximum of five answer choices. Among all questions,
85.24% have associated solution explanations [} Figure[2]shows additional statistics visualization and
more basic statistics of CMExam can be seen in supplementary materials. Within the test set, 4,493
questions (65.97%) have corresponding disease group annotations. The most prevalent disease group
is Traditional Medicine Disease Patterns (TMDP), followed by Digestive System Diseases, Certain
Infectious (Digest) and Parasitic Diseases (InfDis), Endocrine, Nutritional, or Metabolic Diseases
(Endo), and Circulatory System Diseases (Circ). For the associated clinical department annotations,
4,965 questions (72.90%) have been assigned values. The two most frequently represented clinical
departments are Internal Medicine (IM) and Traditional Chinese Medicine (TCM), with Dentistry
(Dent) and Surgery (Surg) following closely. Every question in the test set has been labeled with a
discipline, where Clinical Medicine (ClinMed) comprises the largest proportion. Additionally, each
question has been categorized into a competency area, with Medical Fundamentals (MedFund) being
the predominant category. The difficulty levels of the questions align with common exam patterns,
with a greater number of easy questions and a smaller number of hard questions.

ICD-11 Group Clinical department
1000
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Figure 2: Additional CMExam statistics. For the question length distribution subplot, only the portion
within IQR is shown.

> https://www.yikaobang.com.cn/, http://www.jinyingjie.com/, https://www.lanjiyin!

com.cn/
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4 Benchmarks

4.1 Baselines, Settings, and Metrics

Model Selection The LLMs we benchmarked on the CMExam can be divided into two groups based
on domains: 1) General Domain LLMs: This group comprises GPT3.5/4 (Brown et al.,[2020; OpenAl
2023)), ChatGLM (Du et al., 2022; [Zeng et al.||2023b), LLaMA (Touvron et al., [2023), Alpaca (Taor1
et al.,|2023)), and Vicuna (Chiang et al.,|2023)). These models are general-purpose language models
trained on a massive amount of general-purpose corpora; 2) Medical Domain LLMs: This group can
be further divided into two subgroups. The first subgroup consists of representative LLMs specifically
designed for the medical domain, including DoctorGLM (Xiong et al.; 2023)) and Huatuo (Wang et al.|
2023)). DoctorGLM is a healthcare-specific language model initialized with ChatGLM-6B parameters
and further fine-tuned on Chinese medical dialogues extracted from ChatGPT. Huatuo, on the other
hand, is a knowledge-enhanced model, which builds upon the LLaMA architecture and is additionally
supervised-fine-tuned with knowledge-based instruction data harvested from the Chinese medical
knowledge graph (CMeKG). The second subgroup comprises medical LLMs that were constructed
through supervised fine-tuning of LLMs using the CMExam training set. This subgroup includes
models fine-tuned on BERT (Devlin et al., 2019), RoBERTa (L1u et al.,|2019), PromptCLUE (Zhang
and Xu, [2022)) (T5-based), BART (Shao et al.l [2021)), Huatuo, ChatGLM, LLaMA, Alpaca, and
Vicuna.

Human Performance To effectively gauge the medical proficiency of LLMs, incorporating a
measure of human performance into the benchmarking process is of paramount importance. Therefore,
during data collection, we preserved the accuracy of human responses for each question. Human
performance is estimated by computing a weighted average of response accuracy within each
dimension, with weights determined by the number of respondents. This design ensures a robust
comparison of LLMs’ performance relative to human capabilities, particularly when larger respondent
samples contribute to a question’s accuracy.

Experimental Setting For GPT models, we leveraged OPENAI’s API to access the GPT-3.5-turbo
and GPT-4-0314 models, given that their open-source variants are currently unavailable. The LLaMA,
Alpaca, and Vicuna models were used in their respective 7B versions, while ChatGLM was evaluated
using its publicly accessible 6B version. Additionally, we performed fine-tuning on open-source
models using the CMExam dataset. We used P-tuning V2 (Liu et al., 2021)) for ChatGLM-6B, with
the length of prefix tokens set to 128, and the learning rate set to 2e-2, LoRA (Hu et al.,[2021])) for
LLaMA, Alpaca, Vicuna, and Huatuo models, with the rank set to 8, alpha set to 16, and dropout at
0.05. For BERT models, we followed the fine-tuning methods outlined in (Devlin et al.,[2019)), with
batch size set to 16, learning rate set to 2e-4, hidden dropout probability set to 0.4, and maximum
input length set to 192. The fine-tuning processes for all models except BERT involved a batch size
of 64, a maximum input length, and a target length of 256. All fine-tuning was performed using
NVIDIA V100 GPUs for 10 epochs.

Metrics We assess model performance on multiple choice questions using accuracy and weighted
F1 score. These metrics are commonly employed in information retrieval and question-answering
tasks to evaluate model performance. For the open-ended solution explanations of CMExam, BLEU
(Papineni et al.| 2002) and ROUGE (Lin and Hovyl |2003) were used to evaluate the discrepancy
between model-generated explanations and ground truth.

4.2 Results and Analysis

Overall Comparison We first assessed the performance of general domain LL.Ms and medical
domain LLMs for answer prediction and reasoning tasks. The results are displayed in Table[3] For the
answer prediction task, GPT-4 significantly outperforms other methods, demonstrating a zero-shot
performance with an accuracy of 61.6% and an F1 score of 0.617. While a performance gap still
exists when compared to human performance (which stands at 71.6% accuracy), it’s noteworthy
that this gap has been greatly reduced from what was observed with GPT-3.5. Among lightweight,
general domain LLMs, ChatGLM outperforms LLaMA, Alpaca, and Vicuna, likely attributable
to their limited coverage of the Chinese corpus. This restriction seemingly hampers their ability
to provide accurate responses to CMExam queries. Furthermore, a noticeable deficiency in zero-
shot performance is evident in lightweight medical domain LLMs such as Huatuo, owing to their
restricted medical corpus diversity, which hampers the acquisition of broad medical knowledge and
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Table 3: Overall comparison on CMExam dataset. We bold the best result and underline the second
best result.

M . Prediction Reasoning
odel type Models size
Acc (%)  Fl1 (%) BLEU-1 BLEU-4 ROUGE-1 ROUGE-2 ROUGE-L

GPT-3.5-turbo 175B  46.4+0.6 46.1x0.7  3.56+0.67 1.49£0.51  33.80£0.19 16.39+0.18 14.83+0.13
GPT-4 - 61.6£0.1 61.7£0.1  0.17+0.00  0.06+0.00  29.74+0.09 14.84+0.04 11.51+0.03

General Domain ChatGLM 6B 26.3+0.0 25.7#0.1 16.51+0.08 5.00+0.06 35.18+0.11 15.73£0.05 17.09+0.13
LLaMA 7B 0.4+0.0  0.3+0.0 11.99+0.03  5.70£0.0  27.33+0.06 11.88+0.03 10.78+0.04
Vicuna 7B 5.0+0.0  4.8+0.1 20.15+0.01 9.26+0.01  38.43+0.02 16.90£0.01 16.33+0.01
Alpaca 7B 8.5+0.0 84+0.0 4.75+0.00  2.50£0.00 22.52+0.00  9.54+0.00  8.40+0.00
Huatuo 7B 12.940.0 7.0£0.0  0.21£0.00  0.12+0.00  25.11x0.08 11.56£0.04  9.73+0.02
MedAlpaca 7B 20.0£0.0 10.7#0.0  0.00£0.00  0.00+£0.00  1.90£0.00  0.04+0.00  0.52+0.03
DoctorGLM 6B - - 9.43+0.09  2.65+0.03  21.11x0.03  6.86+0.01 9.9940.06
PromptCLUE-base-CMExam  0.1B - - 18.75£0.08  6.65+0.05  40.88+0.11 21.90+0.11 18.31%0.11

Medical Domain Bart-base-chinese-CMExam  0.1B - - 23.00£0.40 10.35+0.16  44.33+0.09 24.29+0.09 20.80+0.09
Bart-large-chinese-CMExam  0.1B - - 26.37+0.18 11.65+0.08 44.92+0.12 24.34+0.12 21.75+0.03
BERT-CMExam 0.1B 31.8+0.2 31.2+0.2 - - - - -
RoBERTa-CMExam 03B 37.1x0.1 36.7+0.4 - - - - -
MedAlpaca-CMExam 7B 30.5£0.1 30.4+0.1 16.35+0.80 9.78+0.47 44.31+0.85 27.05+£0.50 24.55+0.43
Huatuo-CMExam 7B 28.6£0.5 29.3x0.2 29.04+0.01 16.72£0.03 43.85+0.24 25.36+0.22 21.72+0.24
ChatGLM-CMExam 6B 453+1.4 452+1.4 31.10+0.23 18.94+0.12 43.94+0.28 31.48+0.14 29.39+0.14
LLaMA-CMExam 7B 18.3+0.5 20.6£0.5 29.25+0.23 16.46+0.10 45.88+0.04 26.57+0.04 23.31+0.02
Alpaca-CMExam 7B 21.1+0.6 24.9+04 29.57+0.10 16.40£0.12 45.48+0.12 25.53+0.18 22.97+0.06
Vicuna-CMExam 7B 27.3+0.5 282403 29.82+0.03 17.30£0.01 44.98+0.16 26.25+0.13 22.44+0.09

Random Random - 3102  5.1+0.3

Human Performance  Human volunteers - 71.6

accurate interpretation of CMExam questions. Our findings suggest that finetuning models with
CMExam enhance their performance. For instance, with an accuracy of 45.3%, ChatGLM-CMExam
is comparable to GPT-3.5’s performance, despite utilizing only about 3% of the parameters employed
by GPT-3.5. It is noteworthy that encoder-only LLMs, such as BERT and RoBERTa, remain a
robust baseline for answer prediction tasks. Their performance can par with, or even exceed, that of
certain decoder-only LLMs, such as LLaMA-CMExam and Alpaca-CMExam, despite having fewer
parameters.

For the solution explanation task, we observe that GPT models performed poorly on the BLEU metric,
likely due to their tendency to generate short explanations. However, they exhibited an advantage
on the ROUGE metric. As DoctorGLM is unable to return answer options according to the prompt,
we only report its performance in the solution explanation task. Through finetuning, LLM was able
to generate more reasonable explanations. For instance, ChatGLM-CMExam achieved scores of
31.10 and 18.94 on BLEU-1 and BLEU-4, respectively, and scores of 43.94, 31.48, and 29.39 on the
ROUGE metrics.

Results by Disease Groups Drawing upon ICD-11 annotations (26 categories), we conducted an
analysis of the performance of several LLMs across various categories. To mitigate the potential
impact of random variability resulting from the number of questions, we limited our analysis to
categories containing more than 100 questions. According to Table[d LLMs have uneven performance
and significant gaps in knowledge. GPT-4’s accuracy ranges from 74.4% for Neo to 44.3% for
TCMDP, GPT-3.5’s accuracy ranges from 63.9% for Neo to 31.0% for TCMDP and ChatGLM-
CMExam’s accuracy ranges from 54.7% for Psy to 42.9% for RESP.

Results by Clinical Departments To compare model performance regarding the clinical department
dimension (36 categories), we only analyzed categories with more than 50 questions to ensure result
representativeness. Results presented in Table [5] highlight that the models show relatively high
accuracy on questions associated with commonly encountered departments, such as Emergency
Medicine (EM), Internal Medicine (IM) and Surgery (Surg). Their accuracy on questions associated
with rarer departments, such as Traditional Chinese Medicine (TCM). There is a marked discrepancy
in the average accuracy among different departments, with the highest being 50.9% and the lowest
being only 13.9%. This observation suggests there are notable variations in medical knowledge and
reasoning approaches among different departments. Consequently, it may be necessary to examine
specific optimization strategies for different departments.

Results by Medical Disciplines Then, we evaluated LLM performance across seven medical
disciplines. As depicted in Table[f] the performance of LLMs across disciplines such as Traditional
Chinese Medicine (TCM), Traditional Chinese Pharmacy (TCPharm), and Pharmacy (Pharm) was
notably subpar, with all accuracy rates falling below 42%. This pattern suggests a potential deficiency
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Table 4: Comparing disease classifications.
Categories GPT-4 GPT-3.5 ChatGLM ChatGLM-CMExam Average

Neo 74422 63.9+14  32.4%1.6 51.9+0.2 55.6+0.8
Psy 74.0£0.7 62.0£1.7  33.3x1.3 54.7+£0.8 56.0+£0.9
Factors 70.0+£1.0 57.5+1.4  28.0+1.1 51.1+1.4 51.6+0.5
MSK 65.9+0.8 53.8+0.8 29.2+04 53.5+0.0 50.6+0.4
GU 69.2+0.4 52.1+x1.1  30.0+0.2 49.5+0.9 50.2+0.3
Inj 65.9+2.3 45.7x1.3  37.2+29 49.1£1.8 49.5+1.4
Circ 68.8£0.3 49.3x0.7  30.9+0.7 47.0+£0.3 49.0+£0.2
Endo 70.6+1.1 49.4+1.1 25.5+0.8 46.1+0.4 47.9+0.2
Digest 67.0+1.0 48.8+1.4  26.2+0.7 49.4+1.1 47.8+0.4
InfDis 66.0£0.5 49.2+0.8  27.5+0.6 48.2+0.8 47.7£0.4
Neuro 64.4+1.2 48.7£3.1  28.6x0.4 45.3x1.3 46.7£1.1
OBST 63.5£0.3 45.0£24  25.7+x0.9 49.4+0.3 45.9+0.5
BLOOD  69.4+0.3 453+1.4 18.9+1.6 43.3+0.7 44.2+0.4
Resp 62.7+0.8 44.3+1.4  24.5+03 42.9+0.0 43.6+0.7
N/A 60.0£0.1 46.8+0.3  24.9+0.2 42.5+0.1 43.540.1
TCMDP  443+09 31.0+0.6 24.2+04 47.9+0.0 36.9+0.6

Table 5: Comparing clinical department.
Categories GPT-4 GPT-3.5 ChatGLM ChatGLM-CMExam Average

EM 67.4+0.2  49.8+0.7 36.3+0.4 50.2+0.5 50.9+0.1
OBGYN  66.4+1.0 51.7£1.5 28.6+0.5 52.0+0.0 49.7+0.3
M 70.2+0.6  51.8+0.8 26.0+1.1 47.9+0.9 49.0+1.0
ID 67.4£1.9 495433 26.1£1.9 49.6+£3.8 48.2+1.2
Surg 63.6+0.8  49.5%1.5 28.8+0.5 47.7+0.9 47.4+1.5
ClinNutr  68.3+2.4  48.3%29 23.9+1.1 47.8+0.5 47.1x0.7
MedLabSci  69.2+0.6  48.3%£2.0 29.0£1.5 40.8+0.6 46.8+0.2
Ped 64.5+0.0 47.2+1.4 26.7+2.1 41.9+5.5 45.1x1.7
N/A 62.6+0.2 48.6+1.1 24.6+0.4 44.3+0.9 45.0+1.0
Ophth 60.9+0.5  39.1+0.8 21.8+0.8 54.0+0.2 44.0+0.8
OccMed  61.5+43  38.5+1.6 31.3+4.3 41.543.3 43.242.5
DENT 54.9+2.0 41.2+1.6 27.9+0.8 43.5+0.9 41.9+1.0
TCM 43.1+1.3  31.4+13 24.5+1.9 45.8+4.4 36.2+0.6
ENT 41.3+0.8  28.0+0.6 29.3+0.1 26.7+0.1 31.3+0.5
IcCM 33.3+0.0 11.1x15.7 0.0+0.0 11.1+15.7 13.94+4.8

in the exposure of these models to data within these categories. Conversely, disciplines such as
ClinMed and Ph&PM demonstrated higher accuracy rates, likely due to the abundance of relevant data.
The observed variability in performance across different disciplines underscores the distinctiveness of
data characteristics and complexities inherent to each field, thereby advocating for discipline-specific
model optimizations and enhancements.

Results by Competencies Evaluations based on medical competency areas aimed at a higher-level
understanding of model capability in solving medical problems. As indicated in Table[7} the lowest
average accuracy across LLMs was observed within the domain of mastering Medical Fundamentals
(MedFund), with a meager average score of 42.1%. This result demonstrates that these models,
predominantly trained on general textual data, have inadequate exposure to medical-specific data.
While fine-tuning did provide some improvement, these models could benefit from additional medical
scenario data to further augment their performance. It is worth highlighting that the average accuracy
in the domain of Public Health Laws and Ethics (PHL) was reasonably high, notably achieving an
average of 47.6%. In addition, the LLMs showcased their proficiency in accurate disease diagnosis.

Results by Question Difficulty To evaluate model performance in tackling questions of varying
levels of difficulty, we conducted experiments regarding the question difficulty dimension, which
was calculated based on human exam-taker performance. As shown in Table([§] there’s an evident
trend where model accuracies decrease as question complexity rises. This pattern suggests that more
sophisticated questions demand an extensive knowledge base and complex reasoning, which are
challenging for the LLMs, thus reflecting patterns observed in human performance.
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Table 6: Comparing medical discipline.
Categories GPT-4 GPT-3.5 ChatGLM ChatGLM-CMExam Average

ClinMed  67.9+0.1 514404  27.3x0.3 48.9+0.4 48.8+0.7
PH&PM  68.2+0.4 52.7x1.7  26.2+0.3 47.3%1.0 48.6+0.5
ICWM 56.1+0.1 40.0+£2.3  29.4+0.8 53.6+0.7 44.8+0.9
Dent 59.5+0.7 439+1.9  28.5+1.1 45.3+0.6 44.3+0.3
Pharm 61.1+04 46.3+0.5  23.2+0.2 37.0+0.1 41.9+0.3
TCM 53.5¢04 35.9+0.2 24.1x0.3 49.1+0.0 40.6£1.1
TCPharm  45.4+1.2 35.6x0.1 24.1+1.0 43.1+0.4 37.1+0.5

Table 7: Comparing LLMs’ competencies.
Categories GPT-4 GPT-3.5 ChatGLM ChatGLM-CMExam Average

Diag 70.1£5.5 50.9+2.1  30.9+2.8 51.6+1.0 50.9+1.4
PHL 64.2+0.7 50.0£0.5  26.8+0.3 49.6+0.1 47.6+0.3
Treat 56.5£0.5 43.0£1.1 25.7x0.2 47.4+0.6 43.2+40.8
MeFund  58.3+0.3 44.6+0.7  23.9+0.5 41.6+0.4 42.1+0.9
N/A 54.8+0.2 304404  23.7+0.1 38.5+0.2 36.9+0.3

Table 8: Results by question difficulty.

Categories GPT4 GPT-3.5 ChatGLM ChatGLM-CMExam Average
Easy 74.6+£0.1 58.5+0.6  31.4+0.2 61.5+0.3 56.5+0.4
Manageable 63.9+0.2 47.4+0.7  25.9+0.5 46.1+0.3 45.8+0.6
Moderate 51.3+0.6  36.8+0.8  23.0+0.4 34.5+0.6 36.4+0.7
Difficult 36.4+0.9 26.2+0.7  18.9+0.5 24.3+0.9 26.5+0.6
Extremely difficult 27.2+1.0 21.4+22  15.8+1.0 12.2£1.1 19.1£1.1

Results by Question Length Finally, to investigate if s0%

model performance is associated with input lengths, we -

compared their performance regarding question lengths. ) N
Figure [3]illustrates that Large Language Models (LLMs) o et

generally show higher accuracy with problem lengths be-
tween 60 and 90. However, their performance seems to
falter with problems that are either too short or overly o
long. Additionally, we noticed that the effect of ques-
tion length varies across different LLMs. For instance,
GPT models tend to incrementally improve as the problem a0 w w0 m e 7w s s s
length expands, performing optimally within the 50 to 90 ¢ GPT4 =GPT35 CRalGLM - ChalGLM-CMEseM
range. Conversely, ChatGLM-CMExam’s performance Suesion Lo

fluctuates noticeably with varying lengths, and it tends ~ Figure 3: Results stratified by question
to fall short compared to GPT models when addressing length.

longer problems.

50%

Accuracy

5 Conclusion and Discussions

In this work, we developed CMExam, a dataset sourced from the stringent Chinese National Medical
Licensing Examination, featuring 60,000+ multiple-choice questions, with detailed explanations.
CMExam ensures reliability, validity, and adherence to medical standards. It also demonstrates the
practicality of employing GPT-4 to automate the annotation process, which strikes a harmonious
balance between efficiency and cost-effectiveness while maintaining the desired level of accuracy
and reliability of the annotation. Utilizing this large and reliable corpus, we tested several LLMs
for answer selection and reasoning tasks. A performance gap was observed between LLMs and
human experts, signaling the need for additional LLM research. CMExam’s standardization and
comprehensiveness also ensure objective evaluations of models while enabling in-depth analysis of
thelr reasomng capablhtles The questlons cover a W1de spectrum of medical knowledge augmented

Rk evaluation. This study aims to spur further

—eprratron—of-]:]:Ms—m—medrcme—by—provnﬂmg—a—comprehenmve benchmark for their evaluation.

52438 https://doi.org/10.52202/075280-2283



We anticipate CMExam to contribute significantly to future advancements of LLMs, particularly in
handling medical question-answering tasks.

Limitations Firstly, while CMExam is derived from meticulously designed medical examinations,
our process of excluding questions requiring non-textual information may inadvertently affect the
balance of the remaining questions, potentially introducing unexpected biases. It is critical to
acknowledge this aspect while interpreting any findings or analyses conducted using this dataset.
Furthermore, the current BLEU and ROUGE metrics primarily evaluate the explanation task, but
these measures are insufficient for assessing the reasonableness of the answer. In future work, we
will incorporate human evaluation to provide a more comprehensive assessment of the models.

Ethics CMExam is a dataset derived from the Chinese National Medical Licensing Examination,
which aligns with numerous datasets containing similar National Medical Licensing Examinations
(Zeng et al.| 2023a}; |Hendrycks et al.,|2020; Jin et al., 2021} |Pal et al., 2022; |Singhal et al., [2022]).
We have ensured adherence to applicable legal and ethical guidelines during data collection and
use. The authenticity and accuracy of the exam questions have been thoroughly verified, providing a
reliable basis for evaluating LLMs. Please note that the CMExam dataset is intended for academic
and research purposes only. Any commercial use or other misuse that deviates from this purpose is
expressly prohibited. We urge all users to respect this stipulation in the interest of maintaining the
integrity and ethical use of this valuable resource.

Societal Impacts While CMExam aims to enhance LLLM evaluations in the medical field, it should
not be misused for assessing individual medical competence or for patient diagnosis. Conclusions
drawn from models trained on this dataset should acknowledge its limitations, especially given its
single source and the specific context of the CNMLE. The use of this dataset should strictly be limited
to research purposes to avoid potential misuse.
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A Appendix

A.1 Abbreviations, Full Names, and Translations of Additional Annotations

This section presents four tables of additional annotations that contain translation. It showcases
abbreviations, full English names, and Chinese names for each group in each annotation dimension.
Table 9] showcases all disease groups included in the 11th revision of the International Classification
of Diseases (ICD-11). We present the disease group in the same order found on the official website.
Table [T2] offers a classification of 36 clinical departments derived from the Directory of Medical
Institution Diagnostic and Therapeutic Categories. Table [I0] presents a breakdown of medical
disciplines based on the List of Graduate Education Disciplinary Majors published by the Ministry of
Education of the People’s Republic of China. This categorization comprises seven study majors used
in universities. Table [TT]provides all groups of areas of medical competency assessed in Chinese
medical licensing exams.

Table 9: ICD-11 Groups

Code Abbreviation Full English Name Chinese Name
01 InfDis Certain infectious or parasitic diseases LU R R Bl 2 A U
02 Neo Neoplasms fhed
03  Blood Diseases of the blood or blood-forming organs MR EGE M3 B B
04  Immune Diseases of the immune system G RGN
05 Endo Endocrine, nutritional or metabolic diseases AR~ E IR
06  Psy Mental, behavioural or neurodevelopmental disorders Kt - AT HEEE R BIRR
07 Sleep Sleep-wake disorders AR D0 B P 1S
08  Neuro Diseases of the nervous system LR RGN
09 Vision Diseases of the visual system LD RGUIR
10 Ear Diseases of the ear or mastoid process Hal 5PN
11 Circ Diseases of the circulatory system TEER RGTERI
12 Resp Diseases of the respiratory system R R
13 Digest Diseases of the digestive system TH AL RGBSR
14 Skin Diseases of the skin BRI
15 MSK Diseases of the musculoskeletal system or connective tissue JUL PR B s R e s 4 AL
16 GU Diseases of the genitourinary system WAPRAETH A BB
17 Sex Conditions related to sexual health AR FEAE R 1K L
18  OBST Pregnancy, childbirth or the puerperium TR ~ ST iRE T WA
19 Peri Certain conditions originating in the perinatal period YR T B A B R S L
20 Dev Developmental anomalies REFH
21 Sym Symptoms, signs or clinical findings, not elsewhere classified SR~ ARESIR IR I, ASAT VAR M AL &
22 Inj Injury, poisoning or certain other consequences of external causes 5~ A EEE S R L A 5 R
23 Ext External causes of morbidity or mortality PR EAE T IMNA
24 Factors Factors influencing health status or contact with health services RS S
25 SpecPurp Codes for special purposes FATHEk B A gmiD
26  TCMDP Supplementary Chapter Traditional Medicine Conditions - Module I #hFE B fE L2 2 IE -1 1
\% FuncAssess  Supplementary section for functioning assessment ThREPEEFM TR 5>
X ExtCodes Extension Codes R
- NA Not Applicable NG

Table 10: Medical Disciplines

Abbreviation  Full English Name Chinese Name
ClinMed Clinical Medicine i PRI
Dent Dentistry MR 2
ICWM Integrated Chinese and Western Medicine ~ HFHELE &
PH&PM Public Health and Preventive Medicine AT
Pharm Pharmacy P

TCM Traditional Chinese Medicine MR
TCPharm Traditional Chinese Pharmacy W

Table 11: Areas of competencies

Abbreviation  Full English Name Chinese Name

Diag Disease Diagnosis and Differential Diagnosis  ZRJ75 12 W FILE 512 W
MedFund Medical Fundamentals & 2 Bl AR

N/A Not Applicable N

PHL Public Health Law and Ethics AFETAEEERGHE
Treat Disease Treatment RIRIATT
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Abbreviation
AesthMed
Anesth
ClinNutr
Dent
Derm

EM
EndemicD
ENT
EthnoMed
GenMed
ICM

1D

M
ITCWM
MedLabSci
N/A
OBGYN
OccMed
Onc

Ophth
PainMed
PallCare
Path

Ped
PedHC
PedSurg
PrevMed
Psych

PT

Radiol
RehabMed
SpecMed&MilMed
SportsMed
Surg

TB

TCM

WH

https://doi.org/10.52202/075280-2283

Table 12: Clinical Departments
Full English Name
Aesthetic Medicine
Anesthesiology
Clinical Nutrition
Dentistry
Dermatology
Emergency Medicine
Endemic Disease
Otolaryngology
Ethnic Medicine
General Medicine
Intensive Care Medicine
Infectious Diseases
Internal Medicine
Integrated Traditional Chinese and Western Medicine
Medical Laboratory Science
Not Applicable
Obstetrics and Gynecology
Occupational Medicine
Oncology
Ophthalmology
Pain Medicine
Palliative Care
Pathology
Pediatrics
Pediatric Health Care
Pediatric Surgery
Preventive Medicine
Psychiatry
Physical Therapy
Radiology
Rehabilitation Medicine
Special Medical and Military Medicine
Sports Medicine
Surgery
Tuberculosis
Traditional Chinese Medicine
Women’s Health
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Chinese Name
BT R R
JREERL
IhRE TR
mpiay s
rdivs
SYEER
7R

H 2 HmERE
RIRE %%
ERIEST
EIEE R}
Rk}
WAL
FRPELE A F
2R g AL
R4
=Tkt
A&y
Jilibrep s
ARA}
IR

[ SR
Bl
JLEH

JUE SRR}
JLESME
TR R fi sk
g ik
TR
2GRt
REER

PR S FHEESR

BB
5
LERRR
R
92 R fgE



A.2 Instructions for Pre-annotation

In this section, we present instructions used to pre-annotate CMExam test set data using GPT4. As
shown in Figure @[5l6][7] we first constrained the output from GPT4 to return only specific categories.
We then annotated each of the five additional annotation dimensions relevant to this study with all the
category information for each dimension. Next, we provided specific prompt information and finally,
we performed filtering on the GPT4 output to improve the effectiveness of pre-annotation. During
the actual annotation process, specific categories and prompt information should be filled in the grey
background areas.

ZH: [e s PR AR FARIE H (0 2 AR AT

EN:The return format is limited to the name of a specific category.

ZHALAH TIN5
Sl G s 2 A O R LI L B8 OB G RGEN, N A, B TR Kk AT S R B BB R, e RGEHAN MLE R B,
EERILRHA; TEEE R GOHA; VIR R GO, WAL RGO, SRR, LA 1 2R sk AR AL BB YAPR B R ;S AR AT K R0 SO 4B =4 103, Bl A
HIRERL g R RN I AR AR . A SR PRI AT o 3 B 410 R R 5 A s 2R B e HEOOR T PR 32 B0 5 LA R 5 e A R S T R P At b
FEHBY SR ARRL S BB T B AN 5 AR e SR
EN: There are twenty-seven categories: Certain mfecnous or parasmc dlseases Neoplasms Diseases of the blood or blood-forming organs; Diseases of the immune system; Endocrine,
nutritional or metabolic diseases; Mental, behavioral or d Sleep-wake di: Diseases of the nervous system; Diseases of the visual system; Diseases
of the ear or mastoud process; Dlseases of the circulatory system; Diseases of the respiratory system; Diseases of the digestive system; Diseases of the skin; Diseases of the
1 letal system or tissue; Diseases of the genitourinary system; Conditions related to sexual health; Pregnancy, chlldbmh or the puerperium; Certain conditions
originating in the perinatal period; Devel signs or clinical ﬁndmgs, not Isewh lassified; Injury, or certain other consequences of
external causes; Factors influencing health status or contact with health services; Traditi i 'y section for ioni ion codes;

Uncertain or unk cause of ity or

ZH: BRI — BB AT I 5, WA R DX ANE B R FRANCD-IIM 25, #EAR A, W IR EAREE X AREE.
EN: Assuming you are an expert in the medical industry, please determine which ICD=11 category this question be]ong to. If none of the categories apply, return the label “N/A"

ZH G RN G348 . ALEHATIRCD, BAZHEE, WASNA, HIGREMHRR: A Z8ERE, B MHCGHE, C MPRLIE, D YEMERIE, E LHitkE

EN Thc question is "A 34-year-old woman has experienced progressive reduction in menstrual flow and has been amenorrheic for 6 months. She has been lactating for 3 months.
‘Which of the following is the preferred test to perform? A. Progesterone test B. Blood HCG test C. Blood PRL test D. Sex hormone test E. Diagnostic curettage".

ZHAERE, AREFEREAS, NGRS BRI H AN B A S, RIFRINKE i —A, A EIASCT .
EN:Note that you do not need to answer the question itself, just return which of the twenty-seven categories listed above is most relevant to this question. Return only one of the
twenty-seven categories, no additional words necessary.

Figure 4: Pre-annotation Instructions for Disease Groups.

ZH: AR LR SRR A REAN B2 H i A4 BB T

EN:The return format is limited to the name of a specific category.

ZH:3EA736 15«

TR PR, 2 FHETT; WAL SMRL R B LA JLEESMRL LB GRAERL; IRAL FERMRIGRL, DURRL BRRL AL MLl iRl RSBEERL d
BEAL; SRRl PORRE BT R AL UL REER SR BT AL B S B R BOLRIRL R RS 5 A R IR I RE IRRL th R AR
MRS % KRR B2 2R IR AR EERY R 2AFUAR R, B DS A

EN: There are thirty-six categories: P ive Medicine; General Medicine; Internal Medicine; Surgery; Obstetrics and Gynecology; Women‘s Health; Pediatrics;
Pediatric Surgery; Pediatric Health Care; Ophthalmology; Otolaryngology; Dentistry; Der logy; Psychiatry; Infecti Diseases; Oncology; Emergency Medicine;
Traditional Chinese Medicine; Tut losis; Pain Medicine; Aesthetic Medicine; Endemic Disease; Rehabilitation Medicine; Physical Therapy; Sports Medicine;
Occupational Medicine; Special Medical and Military Medlcme, Palhatwe Care; Chmcal Nutrmon, Integrated Traditional Chinese and Western Medicine; Ethnic
Medicine; Anesthesiology; Medical Laboratory Science; Pathology; Vs Care Medi

ZH: AR — L BT AT K, AT R T AN F s FIEADMIDTCHI G, Fr A4, TSR [l AN 5 AR5
EN: Assuming you are an expert in the medical industry, please determine which DMIDTC category this question belongs to. If none of the categories apply, return the
label “N/A"

ZHR SN %34% . AREATIRD, BAZEE, WIAINA, HERETHNZ: A 29§35, B MHCGHE, C MPRLME, D H#MENE,
E ZWiEEE".

EN:The question is "A 34-year-old woman has experienced progressive reduction in menstrual flow and has been amenorrheic for 6 months. She has been lactating for 3
months. Which of the following is the preferred test to perform? A. Progesterone test B. Blood HCG test C. Blood PRL test D. Sex hormone test E. Diagnostic curettage".

ZHERL, ASTEERE ) REA G, I SR XA H 5 R AB6 AN H WA H ARG, iR mIB6 M H iy — A, A
EN:Note that you do not need to answer the question itself, just return which of the thirty-six categories listed above is most relevant to this question. Return only one of
the thirty-six categories, no additional words necessary.

Figure 5: Pre-annotation Instructions for Clinical Departments.
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ZH: 3 [l PR A A B AR H 2 FRRIA]

EN:The return format is limited to the name of a specific category.

ZHAEATAEN: WREES: . ARRES. SRS S, AT, 2%, hEY, h2.
EN:There are seven categories: Clinical Medicine, Dentistry, Integrated Chinese and Western Medicine, Public Health and Preventive
Medicine, Pharmacy, Traditional Chinese Medicine, Traditional Chinese Pharmacy.

ZHAR AR — AL BT AT 5K, TE I N XA H B TAN R, HEAR G, R B ARG I AMREE.
EN:Assuming you are an expert in the medical industry, please determine which category this question belongs to. If none of the
categories apply, return the label “N/A"

ZHHAE BN %348 . HERATIERCD, SAAEE, WA H, HERABHNZ: A Z8ENE, B MHCGHE,
C IPRLIAE, D HEHENE, EiSMiEHE "

EN:The question is "A 34-year-old woman has experienced progressive reduction in menstrual flow and has been amenorrheic for 6
months. She has been lactating for 3 months. Which of the following is the preferred test to perform? A. Progesterone test B. Blood
HCQG test C. Blood PRL test D. Sex hormone test E. Diagnostic curettage".

ZHAERE, AT R R AL, W B A H S ERTANEE AR ARG, REITAKEE P A, A
A+,

EN:Note that you do not need to answer the question itself, just return which of the seven categories listed above is most relevant to
this question. Return only one of the seven categories, no additional words necessary.

Figure 6: Pre-annotation Instructions for Medical Disciplines.

ZH:3R [l PR A3 FAR S H I A FREITT

EN:The return format is limited to the name of a specific category.

ZHEEAN RN EEIERANR . BN SWAEER W, BOmiRT . At AR,
EN:There are four categories: Basic Medical Knowledge, Disease Diagnosis and Differential Diagnosis, Disease Treatment, and
Public Health Law and Ethics.

ZHAR VAR — BT AT T 5K, I N IX A R TIRAN 20, HEARE S, R AR E X AMRAE.
EN:Assuming you are an expert in the medical industry, please determine which category this question belongs to. If none of the
categories apply, return the label “N/A"

ZHHAE BN %34% . AT, SA&EE, WA, HERETHHNE: A 28K, B MHCGHE,
C MPRLAE, D HERGRIME, ESEESIE".

EN:The question is "A 34-year-old woman has experienced progressive reduction in menstrual flow and has been amenorrheic for 6
months. She has been lactating for 3 months. Which of the following is the preferred test to perform? A. Progesterone test B. Blood
HCG test C. Blood PRL test D. Sex hormone test E. Diagnostic curettage".

ZHER, AFERE AL, N IR EX AN H 5 RN 2 H b AN 28 H ARG, IR EIAANEH P —AS, A
HAe L7

EN:Note that you do not need to answer the question itself, just return which of the four categories listed above is most relevant to this
question. Return only one of the four categories, no additional words necessary.

Figure 7: Pre-annotation Instructions for Areas of Competencies.

A.3 Analysis of Model Generation Ability

In Figure[8] we present partial explanations generated by various models for a medical question from
the CMExam dataset. Notably, GPT-4 and GPT-3.5 produce concise and sensible explanations, which
may account for the lower BLUE scores. Conversely, models like Vicuna, LLaMA, and Huotuo
demonstrate a more prominent repetition phenomenon, while Alpaca simply duplicates the provided
options without providing an explanation.

Fine-tuning models on the CMExam dataset significantly reduces the repetition phenomenon and
improves the overall reasonableness of the explanations. For instance, the ChatGLM-CMExam
model analyzes each option in a similar manner to the solution explanation. However, some models
still generate unreasonable explanations, as observed in LLaMA-CMExam, Alpaca-CMExam, and
Vicuna-CMExam. This could be attributed to their training on generic data and lack of specific
knowledge in the medical domain. This underscores the significance of training large language
models with a focus on the medical domain.
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Question

Solution
Explanation

GPT-4

GPT-3.5

ChatGLM

Vicuna

LLaMA

Alpaca

Huotuo

Huotuo-
CMExam

ChatGLM-
CMExam

LLaMA-
CMExam

Alpaca-CMExam

Vicuna-CMExam

Chinese Translated English
Question

[i?ﬁ)t*ﬁﬂli AR, XGRS B 5 X # In addition to joint swelling and pain, the most significant manifestations for the diagnosis of
rheumatoid arthritis is:

A A_EE AL A. Pain in the heel and sole of the foot
B KBS 2 R R N I TR 45 B. Painless nodules under the skin at the sites of joint prominence and pressure
C IR il e 5 05 2 C. Diffuse pulmonary interstitial disease
D E'@H’éﬁ'*}?i& CHE & RIER) D. Pleural effusion (with normal glucose content)
E /NP R T A E. Painful subcutaneous nodules in the lower leg
Ground Truth

KRR A5 e ISR gl . e . TG The most common sites of rheumatoid arthritis are the wrists, fingers, and proximal
j( U s ;tfgﬁg,ﬁ‘_ BT (ASY) ﬁQTJ\.T‘¢ﬂ./E7Q interphalangeal joints. Pain in the heel and sole of the foot (A false) is generally not seen in
W4, ﬁﬁ(‘"’?ﬁ =L A\f}k FA5 AR F B 92 rtheumatoid arthritis, so it is not the most significant clinical manifestation. Extra-articular
]’L;Eﬁ‘, A, AT S 2 A W, jjjg}'“ﬁ:&‘F manifestations include rheumatoid nodules, which are commonly found at joint prominences and
Eshil (BXT ) H O ifjﬁ}kjﬁﬁﬁ T8 XI55 arcas under pressure. They are painless subcutancous nodules (B true), and their typical
%i ST il 5% SN B 24, il A T pathological changes can help with the diagnosis of theumatoid arthritis. Pulmonary involvement
'HB&"&ZM* 1, EARRAT B I IRER I (C s often characterized by interstitial changes in the lungs. Single or multiple nodules may appear
) o BRI R LHDLH@F}( (P80O8) HT%%DHJ& in the lungs, but they are not the most significant clinical manifestation (C false). When pleurisy
MM 9 D RN, K S8 b, B (P808) occurs in rheumatoid arthritis, it presents as a small amount of pleural effusion on one or
{EE‘, (D )A AN AT (BRD AESR both sides of the chest. The pleural fluid is exudative with a very low glucose content (D false).
KARBAR &I Painful subcutaneous nodules in the lower legs (E false) do not occur in rheumatoid arthritis.
Model Generation
Fe VT BEHE I 5 52 B 3 5 T BTG R 4575 2 28X 5% Painless nodules under the skin at the sites of joint prominence and pressure are an important
ﬁﬁlﬁl’fﬁﬂ'ﬂ‘/\igﬁm B manifestation of the diagnosis of rheumatoid arthritis.
KRR I R I 1 R I ST e 4 5 5% )% 34 The most significant manifestation of rheumatoid arthritis is the presence of painless nodules
BN HBUCRE MRS AT XS5 R H W ILLE ST PR under the skin at the sites of joint prominence and pressure. These nodules typically appear near
j('J\jj** [RANEZEK I o KA ESR KL the joints and range in size from rice grain to fist size. These nodules are called rheumatoid
LIRS 58 11 7 BN *E;i o nodules and are associated with the severity and prognosis of rheumatoid arthritis.
ST R RS % BT, i M8 107 B 54 4 % The most valuable manifestation for the diagnosis of rheumatoid arthritis is the presence of
S S R A R I TE SR M 45 . I b4 i@ % painless nodules under the skin at the sites of joint prominence and pressure. These nodules
SR R LA R e A, WA e R E’] typically appear on the skin around the joints and may be produced by inflammatory cells
RAEMI A HoAb ik, 2 R 4L #4795 A19R surrounding the joints. While pain in the heel and sole of the foot and diffuse interstitial lung
B i 6] A8 T A S DA KT R FA HAh i LRI disease are other common manifestations of rheumatoid arthritis, they are not as valuable for
AELI X2 W2 RGO T 28 AR AN A 6 A5 B ke i 15 52 *¢ diagnosing rheumatoid arthritis as the presence of painless nodules in the swollen and pressured
Eﬁ“u‘}i ~ an)uIr PEST o 1 JERURCHE & BEIEH) areas of the joints. Pleural effusion (with normal glucose levels) and painful subcutaneous

AN H'QT gﬁ&*&%%ﬂ&% P RIEILZ nodules in the legs are also manifestations of rheumatoid arthritis, but they are typically not the
o HEALEE T BA PRI most valuable manifestations.
A JEERE SR AL L
- A - - e A. Pain in the heel and sole of the foot.
" BT 5
g ig%%;ﬁ#;%ﬁ&?ﬁ%jﬂﬁ Ll B. Painless nodules under the skin at the sites of joint prominence and pressure.
D thﬁ W (%;% A'E,T,;%.) C. Diffuse pulmonary interstitial disease.
oy ,J,A ; o D. Pleural effusion (with normal glucose content).
E MR R F 454, D pacural eiusion (with nomal ¢
e e . Painful subcutaneous nodules in the lower leg,
FRSEA IR Jiuf Th ’ P
sy s e T, e answer is A, pain in the heel and sole of the foot.
XA AR 25 G A SR AL S A o Th ; g -
A e oy e answer to this question is A, pain in the heel and sole of the foot.
XA R A PR S AL Th to thi tion is A pain in the heel and sole of the foot
A R A B IE A S e answer to this question is A, pain in the heel and sole of the foot.
The answer to this question is A, pain in the heel and sole of the foot.
1LA2.B3.C4D 5EG6ATB 1.LA2.B3.C4D 5.E6ATB
A JEBRE IR A. Pain in the heel and sole of the foot
B ‘/: 11 A 0 5 52 S T L I TG P YT B. Painless nodules under the skin at the sites of joint prominence and pressure
C R il i i 9 A2 C. Diffuse pulmonary interstitial disease
D B Rl (ﬁ@iff 9 D. Pleural effusion (with normal glucose content)
E /BRI B R 4 E. Painful subcutaneous nodules in the lower leg
Hff‘f ﬁ)m 'J‘/Jhx» el fﬁ %Ww N
LA KE. &5, Ji;ﬁ L &5, 4595, Tumor, pain, diffuse, nodules, effusion, diabetes, infection, pain, nodules, pain, nodules, pain,
S5 G5 A5 A5 AR fﬁ 5. 4545, 455 nodules, nodules, nodules, nodules, nodules, nodules, nodules, nodules, nodules, nodules,
ji VBT BETL BB 5T 45 ?L . 4577 nodules, nodules, nodules, nodules, nodules, nodules, nodules, nodules, nodules, nodules
451
IR KT RIE gﬁﬁ':?ﬁ?rﬁ‘li%%; 4145 9 U/ 7] The key for diagnosing rheumatoid arthritis is the presence of painless nodules. If there is pain, it
LIS 4 el sk 2 RIEIETT 48, Al may be diagnosed as rheumatism or a similar disease. If there is rheumatoid arthritis with pain, it

WI/J BIRIE AT 5% o iﬁ “*)‘L/EX 1548”7 &1 5. may be diagnosed as rheumatoid arthritis. Have a good understanding of the knowledge related
<unk>|naqu1repod/1/] ll999449822222222222222222222 to "rheumatoid arthritis."
2222022222222222222222222222222222222222222222 <unk>inaquirepod/i/1119994498222222222222222222222222222222222222222222222222222
222222222222 2. 2. 2. 2222222222
Rheumatoid arthritis most commonly presents with joint swelling and pain. However, in addition

RV 4T 4% J5 L (1 R 2 B A 96 5 il {H B2 75 to joint swelling and pain, the most significant manifestation for diagnosing rheumatoid arthritis
Btz %]:j-;'gm-;ﬁ)’i WKL [Xﬁﬁﬁ ‘é-_‘j >‘( [¥) 72 )L & is the presence of painless nodules under the skin at the sites of joint prominence and pressure (B
}’: AR 2 R R IR 45 (BXF). A2 true). Pain in the heel and sole of the foot (A false) can be seen in rheumatoid arthritis, but it is

R .SK u}“(A%H)T }LT—iJXLmy;/:jﬁ‘ }2 {HAS 22 1 not the most significant manifestation for diagnosis. lefuse pulmonary interstitial disease (C

TSR 5RiE Tﬂ:Hﬁlm’ﬁrE(Cﬁ)—Iﬂ?W false) can be seen in conditions such as pul losis but is not the most significant
SEK% AN T SR RS RS W B R LRI . manifestation for diagnosing rheumatold arthritis. Pleural effusion (with normal glucose content)
ﬂ&]ﬁﬁ”‘»{&(%ﬁ@%E (D) UL T G50 BB BE, (D false) can be seen in infections caused by Mycobacterium tuberculosis but is not the most
A& T XT%HUHL% i jél’)%ﬁﬂiﬁ BRI /MY significant manifestation for diagnosing rheumatoid arthritis. Painful subcutaneous nodules in the
P BEF (B P LT IR lower leg (E false) can be seen in rheumatic nodules, but they are not the most significant

manifestation for diagnosing rheumatoid arthritis.

2 KR 2 46 110 E T FR R I R 947 46 [ty 645 The main pathological manifestation of rheumatoid arthritis is the presence of painless nodules
[ L 350 15 32 s 7 R B E M 51T (BXS) , 977 under the skin at the sites of joint prominence and pressure (B true). In the subcutaneous cavity
AL B T s AT AR R A A, PO ZEIIRI3 2E of the joint prominence, there is proliferation of granulation tissue cells. After proliferation, these
Jei, PRZERRANBR LA [ AR, T SALP B N A cells enlarge from the inside of the muscle outward, forming clusters of granulation tissue cells
ZFRRAH AN, RGPS A ULPA within the muscle cavity, which eventually develop into nodules. The formation of these nodules
Ll og el is dependent on the secretion of muscle cells by the nodular cells

Qfﬂm;fq YRR : 4 SR AR AE: 24K Rheumatoid arthritis's clinical manifestations include systemic symptoms and signs. Rheumatoid
B A 'U( JUES N J}z AL 0. M9JR . JB patients often experience systemic symptoms such as fever, phlegm-heat, abdominal pain, chest
%r SRR, A R 5. JEJ. 4495 pain, limb pain, and foot pain. They may also experience anorexia, diarrhea, abdominal pain,

Wit &

VAINEIYEN
Hﬁ;ﬁ# I '%v A ?d’ “LL f)u JERE . 9B, SEJR limb pain, and foot pain. The condition can worsen rapidly, and in severe cases, there might be
%Jxk‘iﬁ?‘%*ﬁ%E‘H‘:E?ﬁfﬂ@éﬂ:fﬂﬁlx&iﬁ?é*ﬁ&B’\]ﬁi’ y

- R T~ abdominal pain, chest pain, foot pain, limb pain, headache, fever, and phlegm-heat,
T R IRRRE . R I 4 B B AR fk 1 #4045, The main pathological changes in rheumatoid arthritis are the types and severity of rheumatoid
S I R T F ILRIRFERE . 28R JC 4T 4 (1 arthritis. The pathological changes in rheumatoid arthritis mainly include: 1. Types and severity
AR AL ARG 1RO 2 (A SR of rheumatoid arthritis: (D Acute type of rheumatoid arthritis; @ Late type of rheumatoid

FEE: OERGRIATR I GPER: @FRIR I R arthritis; @ Chronic type of theumatoid arthritis
P @RI A IR

Figure 8: A case study of LLMs’ generated explanations.
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A.4 Analysis of Model Generation Correctness

To assess the accuracy of model-generated explanations, we conducted a study using a randomly
selected sample of 50 cases in which the Language Models (LLMs) correctly predicted the answers.
Medical experts were then invited to manually verify the correctness of the explanations, focusing
not only on the accuracy of the answer predictions but also on the quality of the accompanying
explanations.

Our investigation revealed that despite the correct answer predictions by the models, certain samples
exhibited errors in their corresponding explanations. These errors were categorized by the experts
into three groups: explanations that were irrelevant, repeated, or inaccurate. The statistics presented
in Figure 0] demonstrate that the number of samples with accurate explanations generated by the
GPT models exceeded 45, accounting for over 90% of the total. However, it is important to note
that both the ChatGLM and ChatGLM-CMExam models may produce some erroneous explanations,
primarily consisting of inaccuracies and irrelevance. We have included examples of these incorrect
explanations in Figure [I0]

; l
0 |
Reasonable Irrelevant Repeated Inaccurate

= ChatGLM ChatGLM-CMExam GPT-3.5 GPT-4

Figure 9: Correctness analysis.

A.5 Analysis of Few-Shot and Chain-of-Thought Prompts

In our research, we designed few-shot and chain-of-thought prompts for the answer prediction and
reasoning tasks and conducted experiments on the GPT models. As shown in Table[T3] our results
demonstrate that while the use of few-shot or chain-of-thought prompts did not yield significant
improvements in the prediction task, but there was a notable enhancement in the reasoning task.

Specifically, for the GPT-4 model, the utilization of few-shot prompts increased the BLUE-1 from
0.17 to 5.95, and the BLUE-4 from 0.06 to 2.25. Furthermore, incorporating chain-of-thought
prompts further increased the BLUE-1 to 7.29. Similarly, positive effects were observed on the
GPT-3.5 model, where few-shot prompts improved the BLUE-1 and BLUE-4 to 14.62 and 4.80,
respectively. Additionally, the ROUGE-1, ROUGE-2, and ROUGE-L increased to 38.08, 18.35, and
18.37.

These improvements can be attributed to the fact that few-shot prompts provide examples that GPT
models can reference when generating detailed explanations for each option during the reasoning
process. Similarly, chain-of-thought prompts can achieve similar effects, aiding in the enhancement
of model performance.

Table 13: Few-shot and chain-of-thought prompting experiment results of GPT models

Models Prediction Reasoning

ACC f1 BLUE-1 BLUE-4 ROUGE-1 ROUGE-2 ROUGE-L
GPT-4 61.6%+0.1 61.7%+0.1  0.17+£0.00  0.06+0.00 29.74+0.09 14.84+0.04 11.51+0.03
GPT-4_few-shot 62.0%+0.4 61.4%+0.5 595+0.12 2.25+0.07 37.24+0.35 19.23+0.26 17.24+0.07
GPT-4_cot 61.6%+0.9 61.4%+0.9 7.29+0.71 2.20+0.25 35.85+0.78 16.79+0.83 17.18+0.30
GPT-3.5 46.4%+0.0 46.2%+0.1 3.56+0.08 1.49+0.06 33.80+£0.11 16.39+0.05 14.83+0.13
GPT-3.5_few-shot  45.3%%0.6 44.9%+0.6 14.62+0.16 4.80£0.06 38.08+0.44 18.35+0.16 18.37+0.29
GPT-3.5_cot 47.9%+0.7 47.7%+0.7 13.47+0.52 3.69+0.18 36.47+0.42 16.41+0.24 17.82+0.31
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Question
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Female, 40 years old. Half a month ago, she
experienced headaches, nausea, vomiting twice,
accompanied by low-grade fever, unresponsiveness to
questioning. She stared blankly, stayed in bed without
getting up, and had two episodes of convulsions.
Examination: Blood pressure 140/90 mmHg, increased
muscle tone in the lower limbs, positive Babinski sign
on the right side. Electroencephalogram (EEG): Diffuse
delta waves predominant in the frontal and cervical
regions, with occasional spike wave discharges. The
preferred diagnostic method is:
A. Brain MRI

B. Brain CT

C. Electrocardiogram (ECG)
D. Cerebrospinal fluid analysis
E. Cognitive testing

Nmmﬁw/wxzij?ﬁ&aﬂﬁﬁ

The options that are not covered under basic medical
insurance for medication are:

A. Chinese herbal med
B. Chinese herbal tea p:
C. Traditional Chinese patent medicine
D. Blood products (special indications)
E. Fruit-flavored preparations

SRR B bR R
A fRR

E mﬁﬁmWTi

The causes of metabolic alkalosis are:

A. Cranial brain injury

B. Large amount of pleural effusion

C. Laryngeal edema

D. Hypokalemia

E. Tracheal obstruction by a foreign body

Answer

Model-generated explanation

Explanation
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The patient had a history of headaches, nausea, and vomiting two weeks ago,

accompanied by low-grade fever and unresponsiveness (manifested as reduced

speech and psychomotor inhibition). Examination revealed increased muscle tone in CHATGLM:

the lower limbs and positive Babinski sign on the right side. The EEG showed Based on the patient's symptoms and examination results, the preferred diagnostic method is
diffuse delta waves predominant in the frontal and cervical regions, with occasional brain MRI. Brain MRI can provide visualization of brain morphology and function, making it
spike wave discharges. Therefore, the diagnosis is psychiatric disorder due to viral particularly useful when interpreting EEG results. Additionally, brain MRI can help
encephalitis. The preferred diagnostic method is brain MRI (A true), as MRI can determine the underlying causes of headaches and nausea, which is crucial for treatment and
detect T1 hypointense and T2 hyperintense brain parenchymal lesions. Compared to rehabilitation purposes.

CT, MRI is more accurate in identifying early changes (B false) and can guide

appropriate treatment.

OE;OES QSEEE

BLF 2 R A A A :
ﬁ\v é&qﬁxxm\a@&*&%&*&mw%. F 0o %um
AIV *%ﬂ::%m\_ﬁ%ﬁ

i

Nm
ﬂS%?N €):

n:“.rv

<) AO 6 €): Ac O: €: Ao €): Ao AO AO AO
O: O: O O O O O O O € O O O O O €O: €
O: O O: O: O: O: O O O O O €: O O: O O: )
2 O O: O O O: O O O: O O O: € O O ) € €
): €): €): € ) ) O € O € € € €): €O € «

u %ﬁﬁ?% i

O:
This question examines the medications that are not covered under basic medical ChatGLM-CMExam:

%Mﬂmwﬂ%m?ﬁwwnmmwmm mwﬂﬁ“wc:nmv nnw\wmmm aﬂ“wmovwmmn _ﬁwmﬂ“ __,,Mmo:mﬂanwwm _womwﬁm This question examines the establishment of the medical insurance aEm list. The option that
Administration of the Scope of Basic Medical Insurance for Urban Employees," is not covered under basic medical insurance is fruit-flavored preparations (Option E). The

: . . -, formulation of the medical insurance drug list is the responsibility of the National Healthcare
Wzr__Mw. 4 wmwwamcﬁg %M_..Mw“: E_sﬁm %ﬂwmﬂw :mm@n %o_“m_no<rw8ﬁ__ Ecsmmamc_ww_mmwswma_m_ Security Administration, and it is divided into two categories: ally necessary drugs and
E.me_ MM d mEEm__,_.%ﬁ mﬂ o a:wﬁ:?MH nh._ _uo__:mo%mm Bmo%NMo M: &c?ﬁ:o: mam:mm non- n__._:om:% necessary drugs. Clinically necessary drugs refer to drugs that meet one of the
(3) Various wine Emvmqw:o:m made from Chinese herbal materials and Chinese following conditions: treatment): ): €): O: O: O: O: O: O: O: O: O: O: G: O: O
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Hypokalemia (D true) leads to a decrease in extracellular potassium concentration,

causing intracellular potassium to move out of the cells. At the same time, ChatGLM-CMExam:

extracellular hydrogen ions (H+) move into the cells, leading to metabolic alkalosis. In cases of hypokalemia, the extracellular potassium concentration decreases, resulting in a
Cranial brain injury (A false), large amount of pleural effusion (B false), laryngeal decrease in extracellular pH, leading to metabolic alkalosis (D true). Cranial brain injury (A
edema (C false), and tracheal obstruction by a foreign body (E false) can all cause false), large pleural effusion (B false), laryngeal edema (C false), and tracheal obstruction by
respiratory acidosis due to impaired ventilation and the consequent obstruction of a foreign body (E false) can all potentially lead to respiratory acidosis.

CO2 elimination.

Figure 10: Examples of incorrect model-generated explanation.
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A.6 Data statistics

Questions in CMExam have a median length of 17 (Q1: 12, Q3: 32). Regarding solution explanations,
the median length is 146 tokens (Q1: 69, Q3: 247). Table[T4]shows more basic statistics of CMExam,

Table 14: Basic statistics of CMExam. Q: questions; E: explanations; Q1/3: the first/ third quantile.

Train Dev Test Total
Question # 54,497 6,811 6,811 68,119
Vocab 4,545 3,620 3,599 4,629
Max Q tokens 676 500 585 676
Max E tokens 2,999 2,678 2,680 2,999
Avg Q tokens 29.78 30.07 32.63 30.83
Avg E tokens 186.24 188.95 201.44 192.21

Median (Q1, Q3) Q tokens 17 (12, 32) 18 (12, 32) 18 (12, 37) 18 (12, 32)
Median (Q1, Q3) E tokens 146 (69, 246) 143 (65,247) 158 (80,263) 146 (69, 247)

A.7 Guidelines for Expert-Annotation

During the annotation phase, we invited one expert physician from the Second Affiliated Hospital of
Zhejiang University and one senior doctoral student from Zhejiang University School of Medicine
to carry out the annotations. The expert physician has over two years of clinical experience. The
annotation guidelines have the following sections:

1. Comprehensive Question Understanding: Prior to initiating the annotation process, metic-
ulously comprehend the medical question, ensuring a holistic grasp of its context and
significance.

2. Subject Categorization: Identify the precise subject or medical field that the question pertains
to, such as cardiology, pediatrics, or pathology.

3. Principal Symptoms or Medical Conditions: Ascertain and pinpoint the primary symptoms
or medical conditions expounded in the question.

4. Examination of Pertinent Factors: Scrutinize the question for any associated factors that
might be present, including the severity of the ailment, its etiology, and patient history given
in the question.

5. Examination of Pertinent Factors: Scrutinize the question for any associated factors that
might be present, including the severity of the ailment, its etiology, and patient history given
in the question.

6. Appropriate Classification System Usage: Use the accurate classification system for an-
notation in alignment with the determined subject and symptoms. Suitable systems could
encompass the 11th revision of the International Classification of Diseases (ICD-11), the
Directory of Medical Institution Diagnostic and Therapeutic Categories (DMIDTC), and
others.

7. Addressing Multiple Annotations: In scenarios where the question encompasses multiple
symptoms or medical conditions, opt for the most related classification for annotation.

8. Ensuring High-Quality Annotations: Adhere to the guidelines and definitions within the
chosen classification system. This diligence helps avert subjectivity and ambiguity, fostering
precision in the annotations.

9. Navigating Queries and Uncertainties: Should any doubts or uncertainties emerge during the
annotation process, consult the official documents and glossaries of the chosen classification

System. Engaging in discussions with protessionals is also advised to achieve clarity.

10. Resolving Discrepancies: When disagreements emerge between annotators, a collaborative
discussion shall be initiated. The objective is to reach a consensus and unify the annotation
decision.

A.8 Prompt strategies for Pre-Annotation

During the experimental process, we indeed tried different prompts to enable GPT to better understand
and complete the annotation task. The specific strategies were as follows:
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1. Without ICD-11 Category Instructions: We did not provide detailed ICD-11 category
information as instruction but directly supplied the question information and asked GPT to
respond. Under this setup, a significant portion of the categories returned by GPT did not
strictly belong to ICD-11 classifications, yielding unsatisfactory results.

2. Batch Processing for Cost Efficiency: Initially, we concatenated multiple questions and,
through a single dialogue, had GPT return annotations for multiple questions. Under this
setup, expert validation showed that the accuracy of GPT’s annotations was relatively low.

3. Consistency in Formatting: When no format guidance was given, GPT’s return format was

inconsistent, resulting in a higher parsing cost. Hence, after multiple trials, we eventually
opted for more rigorous format guidance.
Our annotation process was carried out in two stages: First, GPT conducted an initial round
of pre-annotation. Subsequently, we invited an expert physician from the Second Affiliated
Hospital of Zhejiang University and a doctoral student from Zhejiang University School of
Medicine to annotate. The expert physician had over two years of clinical experience. In
instances where there were disagreements in annotations, both annotators would discuss and
eventually arrive at a consensus.
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