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uncertain, especially outside the English language like Chinese. We first evaluated the performance of ten
LLMs: ChatGPT-3.5, ChatGPT-4.0, Google Bard, LIaMA-7B, LlaMA2-7B, Baidu ERNIE Bot, Ali Tongyi
Qianwen, MedGPT, HuatuoGPT, and Chinese LlaMA2-7B on diabetes-related queries, based on the
Chinese National Certificate Examination for Primary Diabetes Care in China (NCE-CPDC) and the
English Specialty Certificate Examination in Endocrinology and Diabetes of Membership of the Royal
College of Physicians of the United Kingdom. Second, we assessed the training of primary care physicians
(PCPs) without and with the assistance of ChatGPT-4.0 in the NCE-CPDC examination to ascertain the reli-
ability of LLMs as medical assistants. We found that ChatGPT-4.0 outperformed other LLMs in the English
examination, achieving a passing accuracy of 62.50%, which was significantly higher than that of Google
Bard, LIaMA-7B, and LIaMA2-7B. For the NCE-CPFC examination, ChatGPT-4.0, Ali Tongyi Qianwen, Baidu
ERNIE Bot, Google Bard, MedGPT, and ChatGPT-3.5 successfully passed, whereas LlaMA2-7B, HuatuoGPT,
Chinese LLaMA2-7B, and LlaMA-7B failed. ChatGPT-4.0 (84.82%) surpassed all PCPs and assisted most
PCPs in the NCE-CPDC examination (improving by 1%-6.13%). In summary, LLMs demonstrated outstand-
ing competence for diabetes-related questions in both the Chinese and English language, and hold great
potential to assist future diabetes training for physicians globally.

© 2025 The Authors. Published by Elsevier B.V. and Science China Press. This is an open access article under

the CC BY license (http://creativecommons.org/licenses/by/4.0/).

1. Introduction

Diabetes constitutes a significant global health concern. The
global age-standardized prevalence of diabetes is projected to rise
by 59.7% between 2021 and 2050. It is estimated that by 2050,
approximately 1.31 billion individuals will be affected by diabetes
[1]. Long-term follow-up by endocrinology specialists is essential
for monitoring diabetes and managing complications. Recent anal-
yses of the medical workforce indicate a severe shortage of
endocrinologists, a situation projected to deteriorate in the future
[2]. Disparities exist in the levels of self-management knowledge
among primary care physicians (PCPs) and patients [3-5]. Both
groups, however, necessitate extensive professional education
and training, which suggests that specialized training in diabetes
care for PCPs is particularly crucial.

The advent of large language models (LLMs) appears to present a
potential solution to this challenge. LLMs might offer professional
guidance aid in primary care and daily management of diabetes in
three ways: (1) by generating high-quality, human-like interactive
text [6], (2) accessing clinical knowledge in the medical field [7-
9], and (3) assisting in patient care [ 10-13]. Recently, LLMs specially
developed in China, such as Baidu ERNIE Bot [ 14] and Alibaba Tongyi
Qianwen|15], have exhibited strong performance in effectively
addressing a wide range of queries. Moreover, significant medical
LLMs like HuatuoGPT [16] and MedGPT [17] have also surfaced in
China. The use of various LLMs has great potential for improving dia-
betes care and diabetes training by enhancing efficiency in medical
consultations in both the English and Chinese languages [18].

One crucial measure of a physician’s qualification is the success-
ful completion of the medical licensing examination. Similarly, ini-
tial evaluation of the suitability of LLMs for medical practice
involves assessing their performance in medical examinations.
ChatGPT, a prominent open Al tool, has shown considerable pro-
mise in passing general medical licensing examinations, such as
those in the United States[19-21], Australia [22], Peru [23], and
Iran [24]. However, previous studies have suggested that ChatGPT’s
performance in subspecialty examinations has been controversial.
While this LLM has exceeded passing scores in dermatology [25]
and radiology [26], it has not met the subspecialty standards in
orthopedics [27], plastic surgery[28], ophthalmology [29,30], and
endocrinology[31]. There is currently no conclusive evidence of
whether LLMs can provide accurate responses to diabetes-
specific examination questions. Furthermore, most comparative
studies of LLMs are based on English, while their performance in
answering Chinese diabetes-specific questions remains unknown.

In this study, we first aimed to investigate the potential of LLMs
for diabetes care by comparing the performance of ten popular
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LLMs to address diabetes-related queries in both the English and
Chinese languages. Second, we aimed to determine whether LLMs
would aid in preparing Chinese PCPs for medical examination
questions related to diabetes care and to determine the LLM’s abil-
ity to assist and correctness from feedback from PCPs.

2. Materials and methods

Ethical approval for this study was waived by the Ethics Com-
mittee of Shanghai Sixth People’s Hospital because this study did
not involve the collection of patient data or interventions for
patients. All procedures were in accordance with the Declaration
of Helsinki. Fig. 1 shows the whole study design flowchart.

2.1. Large language models inclusions

Ten popular LLMs were tested in this study, including: 1)
ChatGPT-3.5 (Open Al), 2) ChatGPT-4.0 (Open Al), 3) Google Bard
(Google), 4) LlaMA-7B (Meta Al), 5) LlaMA2-7B (Meta Al), 6) ERNIE
Bot (Baidu), 7) Tongyi Qianwen (Alibaba), 8) MedGPT (Medlinker),
9) HuatuoGPT (Shenzhen Research Institute of Big Data and the
Chinese University of Hong Kong, Shenzhen), and 10) Chinese
LlaMA2-7B (GitHub). Detailed information on all the included
LLMs is provided in Table 1.

ChatGPT-4.0 is available as a paid chatbot. It represents the
fourth generation in the GPT foundation model series and is an
improvement over the previous iteration, ChatGPT-3.5 [32,33].
Similarly, LlaMA2-7B [34] is an advanced version of LlaMA-7B
[35], and Chinese LlaMA2-7B [36] is its Chinese counterpart with
pre-trained Chinese language data. Google Bard was initially
launched with the LaMDa LLM [37], and now utilizes the new
PaLM2 model. It can access real-time information from the internet
and deliver current data [38]. ERNIE Bot, Tongyi Qianwen, MedGPT,
and HuatuoGPT are four LLM chatbots developed in China. Among
them, MedGPT and HuatuoGPT are specifically medical LLMs while
MedGPT was trained on real-world medical knowledge to diagnose
nearly 3000 diseases [39] and a substantial Chinese medical cor-
pus, in which MedGPT and HuatuoGPT are trained on a vast Chi-
nese medical corpus [40].

2.2. Diabetes-related queries inclusions

Two sources of authoritative diabetes-related queries were
included for LLM evaluation in Chinese and English. They were:
the National Certificate Examination for Primary Diabetes Care in
China (NCE-CPDC) [41] and sample questions from the Specialty
Certificate Examination (SCE) in Endocrinology and Diabetes of
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Fig. 1. Study Design Flowchart. A total of 5 LLMs were selected to take the MRCP (UK) and they answered 80 single-choice questions. 10 LLMs were selected to take the NCE-
CPDC, and they answered 133 exam questions, including both single-choice and multiple-choice questions. The examination questions were sampled from official sources
and excluded those with images. Subsequently, the LLMs’ responses were differentiated based on the official answers and subjected to statistical analysis for comparison.
Then, the LLMs with the highest correct rates were selected to participate in the subsequent stage of the PCPs’ examinations. The PCPs were then given the Chinese
examinations, with and without the assistance of the LLMs, and the results were analysed to determine the extent to which the LLMs could play a supporting role.

Additionally, feedback from the PCPs was taken into account.

Membership of the Royal College of Physicians of the United King-
dom (MRCP [UK]) [42].

The NCE-CPDC is a professional examination designed for PCPs,
who have completed formal training overseen by the Chinese Med-
ical Doctor Association and organized by the National Office for Pri-
mary Diabetes Care of China. The training and examination are
based on the National Guidelines for the Prevention and Control
of Diabetes in Primary Care [41] and the certification of NCE-
CPDC is widely recognized in China, particularly by healthcare pro-
fessionals and individuals involved in diabetes care. Results with
accuracy rates exceeding 60% were considered as passing and
lower scores were deemed as failing. Sample questions (n = 133)
from the NCE-CPDC question bank were used to evaluate the per-
formance of ten selected LLMs, encompassing both single- and
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multiple-choice questions. These questions cover the area of defi-
nition, screening, diagnosis, referral, lifestyle interventions, drug
therapies, and management of acute and chronic diabetes compli-
cations in primary diabetes care. These questions are non-public
and come from the National Office for Primary Diabetes Care of
China.

The MRCP (UK) conducts a series of postgraduate medical
examinations that are widely recognized as benchmarks of excel-
lence in the medical profession. SCEs are tailored to evaluate the
knowledge, skills, and clinical acumen of specialists in various
fields [42]. The passing mark for this examination was established
by using the Hofstee compromise method, which combines the
mean scores of the standard-setting group with UK trainees’ per-
formance. For the 2019 Endocrinology and Diabetes examination
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Included LLMs Institutes Date Size (billion)* How we accessed the LLM
ChatGPT-3.5 Open Al December 2022 175 Accessed from https://chat.openai.com/
ChatGPT-4.0 Open Al March 2023 Not available Accessed from https://chat.openai.com/
Google Bard Google February 2023 137 Accessed from bard.google.com/
LIaMA-7B Meta [Facebook February 2023 7 Downloaded from https://llama.meta.com/
LlaMA2-7B Meta [Facebook July 2023 7 Accessed from https://labs.perplexity.ai/
ERNIE Bot Baidu July 2023 100 Accessed from https://yiyan.baidu.com/
Ali Tongyi Qianwen Alibaba April 2023 72 Accessed from https://tongyi.aliyun.com/
MedGPT Medlinker April 2023 100 Accessed from https://medgpt.co/
HuatuoGPT Shenzhen Research Institute of Big June 2023 13 Accessed from https://www.huatuogpt.cn/
Data and the Chinese University
of Hong Kong, Shenzhen
Chinese LlaMA2-7B GitHub July 2023 7 Accessed from https://chinese.llama.family/

LLM: large language model.
* The number of parameters that the model was trained on.

the pass mark was set at 60.5% (121/200) [43]. The sample ques-
tions from the Endocrinology and Diabetes SCE in MRCP (UK) can
provide some insight into the performance of LLMs in addressing
professional questions related to endocrinology and diabetes, but
the passing accuracy rate can not be defined in this study. After
excluding three image-based questions, 80 single-choice sample
questions in English from the Endocrinology and Diabetes SCE in
MRCP (UK) were included to assess the performance of five LLMs,
namely ChatGPT-3.5, ChatGPT-4.0, Google Bard, LlaMA-7B, and
LIaMA2-7B (Supplementary Material). These 80 questions included
diabetes-related questions, which cover the area of pathophysiol-
ogy, diagnosis, drug therapies, and management of acute and
chronic diabetes complications in specialty diabetes care.

2.3. LLM performance comparisons

For each chatbot instance, a new account with no prior conver-
sation history was utilized to ensure that the study remained unaf-
fected by existing dialogue data. The questions and options of the
diabetes care question banks from the NCE-CPDC were uploaded in
Chinese, into all ten LLMs. The 80 questions for the SCE in
endocrinology and diabetes of MRCP (UK) were uploaded in Eng-
lish into five LLM chatbots, including ChatGPT-3.5, ChatGPT-4.0,
Google Bard, LlaMA-7B, and LlaMA2-7B. Both question banks
required each LLM to provide the correct choice and corresponding
explanations. Answers and explanations for each question from
every chatbot were cross-referenced with official answers to deter-
mine the accuracy rate for assessing the performance of each
chatbot.

2.4. Primary care physician training

ChatGPT-4.0 was further utilized in the training of Chinese PCPs
by evaluating seven PCPs’ performance in the NCE-CPDC sample
questions (n = 133) without and with the assistance of ChatGPT-
4.0. All PCPs had clinical practical experience ranging from 2 to
11 years (PCP#1-7 years, PCP#2-3 years, PCP#3-4 years, PCP#4-
2 years, PCP#5-11 years, PCP#6-2 years, and PCP#7-5 years). They
were each required to undergo two rounds of NCE-CPDC testing,
one without any help and one with the assistance of ChatGPT-
4.0. The first round necessitated independent completion of the
NCE-CPDC examination by all PCPs, and their accuracy rates were
recorded. To ensure consistency in the timing of the experiment,
ChatGPT-4.0 also participated in the first-round testing simultane-
ously by answering all the NCE-CPDC questions. After a 3-week
washout period, PCPs were notified of the second round of testing,
which was conducted with the assistance of ChatGPT-4.0. Before
the second round of testing began, all participants were informed
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that they could use ChatGPT-4.0 to inquire about exam questions
but were also informed that the answers in the ChatGPT-4.0 were
not completely correct and that they would have to rely on them-
selves to recognize the correctness of its answers and explanations.
The accuracy rate of all participants in the second round of the
NCE-CPDC examination was then evaluated and compared with
their performance in the first round. Furthermore, PCPs who
received assistance from ChatGPT-4.0 in the prospective study
were asked to fill out a post-deployment questionnaire upon com-
pletion of the study. The questionnaire consisted of three items
aimed at gauging the PCPs’ opinions about the LLM. Each query
was rated on a Likert scale ranging from 1 to 5, with 1 representing
strong disagreement and 5 representing strong agreement.

2.5. Statistical analysis

A comprehensive statistical analysis of the performance of all
LLMs and PCPs in providing correct responses was conducted with
SPSS (IBM SPSS Statistics for Windows, Version 25.0. Armonk, NY:
IBM Corp.). The accuracy rate (%) of each chatbot and each PCP was
calculated as the percentage of correct answers out of the total
number of questions. Chi-square tests were employed to compare
chatbot performance between different LLMs, with the adjusted p-
values (Bonferroni correction) considered statistically significant
when lower than 0.05. Paired t-tests were used to compare the
PCPs’ performance in the NCE-CPDC examination without and with
ChatGPT-4.0’s assistance. (P < 0.05 was considered to be statisti-
cally significant).

3. Results

The performance of five LLM-chatbots with English input in the
SCE in endocrinology and diabetes of MRCP (UK) examination is
depicted in Fig. 2. The accuracy rate of ChatGPT-4.0 was higher
than the pass mark, achieving an accuracy of 62.50%, which was
significantly higher than that of Google Bard (32.5%), LlaMA-7B
(15.0%) and LlaMA2-7B (20.0%) (Chi-square test, adjusted
P < 0.05). LlaMA-7B performed the worst, with a rate of correct
responses of only 15.0%, which was significantly lower than those
of ChatGPT-4.0 (62.5%), ChatGPT-3.5 (45.0%), and Google Bard
(32.5%) (Chi-square test, adjusted P < 0.05).

The performance of ten LLM-chatbots with Chinese input in the
NCE-CPDC exam is depicted in Fig. 3. ChatGPT-4.0 (accuracy rate
90.98%), Ali Tongyi Qianwen (81.20%), Baidu ERNIE Bot (71.43%),
Google Bard (68.42%), MedGPT (67.67%), and ChatGPT-3.5
(63.16%) successfully passed the examination, whereas LlaMA2-
7B (34.59%), HuatuoGPT (30.83%), Chinese LLaMA2-7B (24.81%),
and LlaMA-7B (24.06%) failed (Fig. 3a). ChatGPT-4.0 significantly


https://chat.openai.com/
https://chat.openai.com/
https://llama.meta.com/
https://labs.perplexity.ai/
https://yiyan.baidu.com/
https://tongyi.aliyun.com/
https://medgpt.co/
https://www.huatuogpt.cn/
https://chinese.llama.family/

H. Liet al.

c
w8 807
Q2
o 8
£D¥60-
5 €2
—~ ®
£ 5g 407
0 9=
®2'%
SE 204
£3
=T
e c
gu "
»ooe & LR
< A & AN
R Q A \gs @
o o & R
& LN IRV
& & o

Fig. 2. The accuracy rate (%) in the Endocrinology and Diabetes SCE of MRCP (UK)
with English Language Input of Five LLM-Chatbots. (Chi-square tests with Bonfer-
roni corrected P values, ** adjusted P < 0.01, *** adjusted P < 0.001).

outperformed the other nine LLMs except Ali Tongyi Qianwen (Chi-
square test, adjusted P < 0.05). The accuracy rate of the Ali Tongyi
Qianwen was significantly superior to the ChatGPT-3.5 (Chi-square
test, adjusted P < 0.05) in the NCE-CPDC exam. Additionally, Ali
Tongyi Qianwen, Baidu ERNIE Bot, Google Bard, and MedGPT all
performed significantly better than LIaMA-7B, LlaMA2-7B, Hua-
tuoGPT, and Chinese LLaMA2-7B (Chi-square test, adjusted
P < 0.05) (Fig. 3b).

All seven PCPs successfully passed the NCE-CPDC examination
in the first-round assessment with a mean accuracy rate of
74.72% (+5.10), ranging from 68.57% to 81.16%. Notably,
ChatGPT-4.0 demonstrated excellent performance in the NCE-
CPDC, achieving an accuracy rate of 84.82%, surpassing all the PCPs
in the first-round examination. In the second-round assessment,
with the assistance of ChatGPT-4.0, the mean accuracy rate was
75.8% (+5.62). Most PCPs improved their accuracy rates from 1 to
6.13% in correctly answering the NCE-CPDC examination except
PCP#3, (whose score decreased by 8.54%) and PCP#6 (whose score
decreased by 0.92%) (Paired t-test, P < 0.05). Moreover, after train-
ing with ChatGPT-4.0, one participant’s performance on the NCE-
CPDC examination even exceeded that of everyone’s ChatGPT-4.0
score with an accuracy rate of 85.57% (P5). Detailed performances
of ChatGPT-4.0 and all seven PCPs in the first and second rounds
are shown in Fig. 4.

Additionally, to capture the PCPs’ perceptions and satisfaction
with the LLM after using its insights, the seven PCPs who partici-
pated in the prospective study were asked to complete a post-
deployment questionnaire. Across these PCPs, the LLM obtained
an average score of 4.57 for internal concordance (out of 5.00),
4.33 for insights, and 4.71 for willingness to use in future diabetes
training. (Table 2).

4. Discussion and conclusion

Diabetes management poses a significant global challenge
because of its complex nature [1]. Multifaceted issues such as
patient education, accessibility to healthcare, cost-effective treat-
ments, and diabetes training demand innovative strategies[44].
Our study provided a thorough understanding of the LLMs’ ability
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to comprehend diabetes-related knowledge with distinct topics,
question styles, and languages based on the NCE-CPDC and the
SCE in Endocrinology and Diabetes of MRCP (UK) examinations.
ChatGPT-4.0 demonstrated superior performance in both the
NCE-CPDC and the SCE in Endocrinology and Diabetes of the MRCP
(UK), conducted in Chinese and English, respectively. Furthermore,
ChatGPT-4.0 also outperformed PCPs and exhibited the potential to
improve PCPs’ performance in the NCE-CPDC examinations, espe-
cially for PCPs with more years of clinical practice.

Recently, some studies have demonstrated the efficacy of LLMs
in examinations of medical topics. Rosot et al. [45] assessed the
performance of GPT-3.5 and GPT-4 in Polish and English for the
Polish Medical Final Examination (Lekarski Egzamin Koicowy, or
LEK). ChatGPT-4 consistently outperformed GPT-3.5 and outper-
formed students who graduated over 2 years ago. Novak et al.
[46] conducted a study to assess the accuracy of Google Bard,
GPT-3.5 Turbo, and GPT-4.0 in answering cardiology-specific ques-
tions of varying difficulty levels. In that study, LLMs showed
promising results in possessing an ability to interpret and apply
complex clinical guidelines, with a potential for enhancing patient
outcomes through personalized advice. Skalidis et al. [47] chal-
lenged ChatGPT to answer questions from a demanding exam,
post-graduate exam—the European Exam in Core Cardiology
(EECC), which is the final exam for the completion of specialty
training in Cardiology in many countries. Fijacko et al. [48]
employed ChatGPT’ to answer the Heart Association (AHA) Basic
Life Support (BLS) and Advanced Cardiovascular Life Support
(ACLS) exams. Although ChatGPT did not qualify for the exam,
the authors recognized its capabilities and believe that ChatGPT
has shown promising results in becoming a powerful reference
and self-learning tool for preparing for the life support exams.
Although various studies have indicated that ChatGPT performs
well on various exams, there are very few studies comparing it
with multiple other LLMs, although it is worthwhile to do a com-
parative analysis of the abilities of multiple LLMs because there
are now many LLMs claiming that they have the same abilities as
or can exceed the ability of ChatGPT.

The SCE in Endocrinology and Diabetes of MRCP (UK) is a highly
specialized professional examination tailored for endocrinologists
and diabetes care specialists. The exam’s difficulty can be reflected
in the 2023 pass rate, where only 28.6% of all candidates success-
fully passed, of which 48.5% were UK trainees [49]. The passing
score for the 2019 Endocrinology and Diabetes examination was
established at 60.5%. Among the five included LLMs, ChatGPT-4.0
achieved the highest accuracy rate of 62.5%, vividly demonstrating
its proficiency in addressing complex endocrinology and diabetes
care queries. A previous study also investigated the performance
of Bard and ChatGPT using an investigator-designed set of 100
multiple-choice questions (MCQs) covering endocrinology (50
MCQs), diabetes, and diabetes technology (50 MAQs) [31]. The
results showed that both Bard (49%) and ChatGPT (52%) failed in
this investigator-designed examination, while in the diabetes and
diabetes technology segment, ChatGPT outperformed Bard, attain-
ing 46% accuracy compared to Bard’s 40%. Further training of these
LLMs using diabetes-related data and clinical-related knowledge
will be required to improve their performance.

The NCE-CPDC covers questions related to primary diabetes
care in the Chinese language, which can reflect LLMs’ abilities to
grasp diabetes primary care knowledge. ChatGPT-4.0 performed
extremely well in NCE-CPDC with over 90% accuracy and outper-
formed all nine other LLMs except Ali Tongyi Qianwen, which
means that it has a solid foundation of diabetes-related knowledge
and may potentially be used to assist the training of Chinese grass-
roots diabetes care doctors. The test performance of ChatGPT-4.0
attests to the linguistic capabilities of the LLM, which enable it to
meet certain standards required for medical professionals. LLMs
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Table 2
Post-deployment assessment by PCPs using the ChatGPT-4.0.
Evaluation items Mean Standard
score ¢ error
Did the explanation contents of the large language 4.57 0.53
model demonstrate internal concordance?
Did the explanation contents of the large language 443 0.79
model offer you insights to answer the questions?
Do you want to use the large language model in the 471 0.49

future diabetes training?

PCP: primary care physician.
* Every question was scored from Likert scales ranging from 1 to 5, with 1 repre-
senting strong disagreement and 5 representing strong agreement.

exhibited a higher error rate when dealing with multiple-choice
questions, compared to single-choice questions, related to case
analyses in NCE-CPDC. Even the top-performing LLM (ChatGPT-
4.0) demonstrated a significant proportion of errors, predomi-
nantly associated with multiple-choice questions and case analysis
items, which may be attributed to not having undergone specific
training in medical knowledge integration and clinical thinking.
This difficulty with multiple-choice questions highlights current
limitations in the effective application of LLMs in clinical practice
and also underscores the necessity for regular and systematic eval-
uation, supervision, and fine-tuning of chatbots to ensure consis-
tent, trustworthy, and clinically safe medical recommendations.
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LLMs developed in China have experienced rapid growth and
advancement, yet few studies have explored their performance in
the medical field. Notably, we discovered that the absolute accu-
racy rate of Ali Tongyi Qianwen was only slightly lower than
ChatGPT-4.0 and significantly superior to ChatGPT-3.5. Specifically,
the absolute accuracy rate of Ali Tongyi Qianwen and Baidu ERNIE
Bot surpassed that of the Google Bard, and although MedGPT was
slightly inferior to the Google Bard, it was better than ChatGPT-3.5.
All these findings indicate the significant potential of LLMs devel-
oped in China within the medical realm and demonstrate their
competitiveness in the emerging era of widespread use of LLMs
to solve problems. Moreover, although both MedGPT and Hua-
tuoGPT are prominent medical language models with enriched
medical knowledge, MedGPT significantly outperformed Hua-
tuoGPT. Impressively, although Ali Tongyi Qianwen and Baidu
ERNIE Bot were trained without specialized medical knowledge,
they demonstrated remarkable performance in addressing
diabetes-related issues at the primary care level and achieved
higher absolute accuracy rates than MedGPT, which was trained
with specialized medical knowledge.

Interestingly, as the most widely used open-source LLM, LlaMA
has spawned numerous fine-tuning models. However, the perfor-
mance of the LlaMA-related LLMs, such as LlaMA-7B, LlaMA2-7B,
HuatuoGPT, and Chinese LlaMA2-7B, proved to be unsatisfactory
in both the Chinese and English language versions. Even though
HuatuoGPT is an LLM trained with clinical medical knowledge,
its effectiveness in diabetes care remains subpar. A previous study
developed a medical fine-tuning LLM based on the LLaMA frame-
work [50] called ChatDoctor with higher accurate scores than
ChatGPT in answering English questions from the iCliniq database.
However, its performance on Chinese questions has not yet been
investigated. Hence, the development of a knowledge training
database specific to diabetes care is essential to enhance the capa-
bilities of fine-tuning LlaMA models in addressing diabetes-related
issues, especially in different languages.

Most LLM-chatbots can provide relatively accurate answers
and instructive explanations. The best-performing ChatGPT-4.0
in our study can achieve excellent accuracy in English and
Chinese language examinations. This is why we assessed its
potential to assist in the training of Chinese PCPs by comparing
the performance of PCPs in the NCE-CPDC examination based
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on traditional training and the training with the performance of
the same PCPs based on receiving training with ChatGPT-4.0.
Traditionally training of PCPs can help them pass the
NCE-CPDC examination, but the accuracy rate varies from
68.57% to 81.16%, all are inferior to ChatGPT-4.0’s performance
(84.82%). In the second round of testing, having the assistance
of ChatGPT 4.0, most of the participants showed improvement
in the final passing accuracy rate. One PCP with 11 years of clin-
ical practical experience even surpassed the performance of
ChatGPT-4.0. However, two of the PCPs’ performance after using
ChatGPT-4.0 as the assistance conversely decreased, which may
be attributed to their incapability of identifying the misleading
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explanations provided by ChatGPT-4.0. Notably, almost all PCPs
showed high internal concordance, insights, and willingness to
use LLMs as an assistive tool for diabetes training. Therefore,
on the one hand, ChatGPT-4.0 could assist PCPs training for bet-
ter comprehension of diabetes care knowledge and guidelines,
but on the other hand, delivering misleading responses and hal-
lucinations could happen and cannot be ignored. This is the rea-
son why we chose PCPs for the LLMs adjunctive test rather than
the general population.

This study evaluated the performance of prominent LLMs in the
English SCE in Endocrinology and Diabetes of MRCPUK and the Chi-
nese NCE-CPDC examinations, assessing their medical knowledge
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and reasoning capabilities in the context of diabetes and diabetes
training. Overall, most LLMs demonstrated a broad knowledge base
and reasoning ability when answering diabetes questions, exem-
plified by models such as ChatGPT-4.0, Ali Tongyi Qianwen, and
Baidu ERNIE Bot. Therefore, the LLMs’ capability for equipping doc-
tors with fundamental diabetes knowledge and the potential in
diabetes training are significant and hold promising prospects for
the future. Concurrently, there is mounting evidence that ChatGPT
has been effective in medical licensing examinations, which could
potentially result in a transformation of medical training. Although
at present LLMs can efficiently process medical information and
provide appropriate answers to questions, it is not a substitute
for critical thinking, innovation, and creativity, which are essential
traits for physicians. [47]

Our study had limitations. First, the selection of the 10 LLMs for
evaluation was based on their popularity and availability at the time
of the research; smaller or quantized models, which may have differ-
ent performance characteristics, were not considered in this analysis.
Second, the present study is limited by the current technical difficul-
ties and complexity of medical diagnostics, which impede the ability
of LLM to assist physicians in the diagnosis of diabetes. While the
results indicate that LLMs are currently performing better in the area
of direct medical reasoning about diabetes-related problems, no LLM
received a perfect score on the exam. This suggests that there are still
no LLMs that can be fully trusted. Similarly, their ability to assist in
the diagnosis and treatment of more complex clinical problems
and to help people with diabetes make decisions about their health
management still requires the careful judgment of a medical profes-
sional. This indicates that while some current LLMs (e.g., ChatGPT-
4.0) can be queried by healthcare professionals and patients for
responses to specific medical inquiries, their responses are for infor-
mational purposes only and cannot currently be considered a reliable
source of information for healthcare practitioners and patients. Third,
the phenomenon of Al hallucination remains an unavoidable issue.
Therefore, we should not neglect the possibility of hallucinations in
the responses that LLMs provide when we use them as medical assis-
tants. If Al tends to fabricate facts when answering questions, then it
will mislead individuals lacking professional knowledge, necessitat-
ing the continued necessity for careful judgment in LLM answers
and decisions. For them to be applied to actual medical diagnosis,
they still require further professional training. Fourth, only three
questions were included in the questionnaire to evaluate PCPs’ per-
ceptions and satisfaction with the LLM after using its insights. Further
large-scale studies are warranted to comprehensively assess PCPs’
attitudes towards the use of LLMs in diabetes training.

Looking ahead, LLMs fine-tuned with domain-specific knowledge
have the potential to optimize diabetes training for both PCPs and
patients with diabetes (Fig. 5). LLMs could swiftly summarise exten-
sive texts, academic papers, or comprehensive diabetes literature, to
distill key points and offer concise overviews on specific subjects.
For instance, LLM combined with a deep learning model could bring
surprising effects for physicians to give better clinical recommenda-
tions[51]. LLMs also could serve as virtual patients or coaches, by
generating case studies and simulating clinical scenarios to help
PCPs improve their communication and decision-making skills for
primary diabetes care. For patients with diabetes, LLMs could poten-
tially offer valuable support to patients by enhancing communica-
tion, providing personalized information, and assisting in
continuous management. Therefore, LLMs could serve as a bridge
and platform for integrating multiple technologies. Customized Al-
LLM doctors offer patients the flexibility to seek medical advice
and support anytime, anywhere. The personalized patient educa-
tion, diagnoses, and treatment recommendations provided by LLMs
allow doctors to stay updated on patients’ conditions daily through
the integration of diverse technological tools like voice, video, and
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virtual reality. This advancement shows potential for improving
doctor-patient communication, cultivating positive relationships
between healthcare providers and patients, and ushering in a new
era in diabetes management.

In conclusion, our study assessed the performance of five
prominent LLMs on English language-based diabetes care exami-
nations and ten prominent LLMs on Chinese language-based dia-
betes care examinations. The performance of these LLMs
demonstrated a broad knowledge base, strong reasoning ability,
and the potential to assist in PCPs’ diabetes training in many ways,
which is significant for making decisions for individual patients
and populations. The innovative application of LLMs in diabetes
training signifies a transformative shift toward personalized, com-
prehensive, and accessible diabetes care and management. How-
ever, continued improvement and validation are essential to
ensure their applications offer robust protection for public health.
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