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Abstract
Background  ChatGPT, a recently developed artificial intelligence (AI) chatbot, has demonstrated improved 
performance in examinations in the medical field. However, thus far, an overall evaluation of the potential of ChatGPT 
models (ChatGPT-3.5 and GPT-4) in a variety of national health licensing examinations is lacking. This study aimed 
to provide a comprehensive assessment of the ChatGPT models’ performance in national licensing examinations for 
medical, pharmacy, dentistry, and nursing research through a meta-analysis.

Methods  Following the PRISMA protocol, full-text articles from MEDLINE/PubMed, EMBASE, ERIC, Cochrane Library, 
Web of Science, and key journals were reviewed from the time of ChatGPT’s introduction to February 27, 2024. 
Studies were eligible if they evaluated the performance of a ChatGPT model (ChatGPT-3.5 or GPT-4); related to 
national licensing examinations in the fields of medicine, pharmacy, dentistry, or nursing; involved multiple-choice 
questions; and provided data that enabled the calculation of effect size. Two reviewers independently completed 
data extraction, coding, and quality assessment. The JBI Critical Appraisal Tools were used to assess the quality of the 
selected articles. Overall effect size and 95% confidence intervals [CIs] were calculated using a random-effects model.

Results  A total of 23 studies were considered for this review, which evaluated the accuracy of four types of national 
licensing examinations. The selected articles were in the fields of medicine (n = 17), pharmacy (n = 3), nursing (n = 2), 
and dentistry (n = 1). They reported varying accuracy levels, ranging from 36 to 77% for ChatGPT-3.5 and 64.4–100% 
for GPT-4. The overall effect size for the percentage of accuracy was 70.1% (95% CI, 65–74.8%), which was statistically 
significant (p < 0.001). Subgroup analyses revealed that GPT-4 demonstrated significantly higher accuracy in providing 
correct responses than its earlier version, ChatGPT-3.5. Additionally, in the context of health licensing examinations, 
the ChatGPT models exhibited greater proficiency in the following order: pharmacy, medicine, dentistry, and nursing. 
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Background
Over the past decade, artificial intelligence (AI) technol-
ogy has experienced rapid evolution, leading to signifi-
cant advancements across various fields [1, 2]. One of the 
most recent and notable advancements is ChatGPT by 
OpenAI (San Francisco, CA), a natural language process-
ing program designed to generate human-like language 
[3]. Since its launch, this innovative technology has dem-
onstrated applicability in a variety of domains, including 
healthcare, education, research, business, and industry 
[4–6]. Moreover, ChatGPT is a robust, evolving AI chat-
bot with considerable potential as a support resource for 
healthcare professionals, educators, and learners. For 
instance, in the realm of education, cutting-edge Chat-
GPT versions can aid students through personalized 
learning experiences and tutoring [7]. In the healthcare 
domain, it can assist medical professionals in diagnoses, 
treatment plans, and patient education by integrating 
medical knowledge with interactive dialogue [1, 8–10].

With ongoing advancements in this novel technology, 
the accuracy of ChatGPT is expected to improve, thereby 
expanding their applicability, specifically in healthcare 
education. In a study by Gilson et al. emphasized that 
such technology could achieve equivalence with third-
year US medical students, highlighting its potential to 
provide logical explanations and informative feedback 
[7]. Additionally, in the field of medical research, ChatG-
PT’s efficacy has been proven in the United States Medi-
cal Licensing Examination (USMLE), in which it achieved 
accuracy rates of 40–60% [7, 11]. The latest ChatGPT ver-
sion, GPT-4, outperforms its predecessor, ChatGPT-3.5, 
in reliability and accuracy, delivering expert-level quality 
responses [12]. Furthermore, Yang et al. found that Chat-
GPT-4’s ability to respond to USMLE questions involving 
images resulted in a 90.7% accuracy rate across the entire 
USMLE examination, exceeding the passing threshold 
of approximately 60% accuracy [13]. Remarkably, GPT-4 
also exhibited the capacity to address intricate interper-
sonal, ethical, and professional requirements within med-
ical practice [14].

However, despite its capacity to significantly improve 
the efficiency of education, efforts to adopt it in health-
care professional education remain limited [15]. Spe-
cifically, this AI chatbot can produce inaccurate outputs 

[16], and the reported response accuracy rates vary 
among different medical examinations and medical fields 
[17, 18]. Other studies have also shown that calculations 
are identified as a domain where large language models 
(LLMs) tend to exhibit comparatively lower precision 
[19] and fail to achieve the required accuracy level, as 
demonstrated in the National Medical Licensing Exami-
nation (NMLE), National Pharmacist Licensing Examina-
tion (NPLE), and National Nurse Licensing Examination 
(NNLE) in non-English language regions [20, 21]. Poten-
tial reasons for the performance differences have been 
proposed, including variations in curricula and exami-
nation content [22, 23]. Recent studies have shown that 
while ChatGPT’s accuracy has improved over time, its 
scores are still lower than those of medical students [24, 
25]. Consequently, existing studies are inconsistent and 
do not yield definitive conclusions.

Given these considerations, a meta-analysis is needed 
to offer a more comprehensive summary of the evidence 
regarding the performance of OpenAI’s ChatGPT series 
in four types of national healthcare-related licensing 
examinations conducted in a range of countries. There-
fore, this study aimed to conduct a meta-analysis of 
studies reporting the performance of both versions of 
ChatGPT (ChatGPT-3.5 and GPT-4) across different 
healthcare-related national licensing examinations with-
out restriction to specific countries. The specific research 
questions were as follows: (1) What is the overall effect 
size of ChatGPT models in the national licensing exami-
nations for medicine, pharmacy, dentistry, and nursing? 
(2) Which ChatGPT model has the greatest influence on 
the effect sizes measured in national licensing examina-
tions? (3) Which medical field examinations (e.g., medi-
cine, pharmacy, dentistry, and nursing) have the greatest 
influence on the effect sizes measured in ChatGPT model 
research?

Methods
The reporting of this review and meta-analysis is based 
on the PRISMA (Preferred Reporting Items for System-
atic Reviews and Meta-Analyses) statement [26]. See the 
completed PRISMA 2020 for abstracts (Supplementary 
Table 1) and the PRISMA 2020 checklists (Supplemen-
tary Table 2).

However, the lack of a broader set of questions, including open-ended and scenario-based questions, and significant 
heterogeneity were limitations of this meta-analysis.

Conclusions  This study sheds light on the accuracy of ChatGPT models in four national health licensing 
examinations across various countries and provides a practical basis and theoretical support for future research. 
Further studies are needed to explore their utilization in medical and health education by including a broader and 
more diverse range of questions, along with more advanced versions of AI chatbots.

Keywords  ChatGPT-3.5, GPT-4, National licensing examination, Healthcare professionals, Meta-analysis
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Data sources
The protocol for the review was not registered. Relevant 
articles were identified by searching the following data-
bases: MEDLINE/PubMed, EMBASE, Cochrane Library, 
ERIC, and Web of Science. To identify further relevant 
studies, hand searches of key issues of journals related to 
healthcare education, as well as the reference lists of the 
retrieved studies [11, 13, 14, 21, 27–45] and previously 
conducted systematic reviews [17, 46, 47] were carried 
out. The retrieved records were imported into an End-
Note™ library. The search criteria were restricted to arti-
cles published in English, with a publication date ranging 
from November 30, 2022, the release date of OpenAI, to 
February 27, 2024.

Search strategy
This study employed a structured search strategy that 
involved the use of specific search terms associated with 
ChatGPT (e.g., “Artificial intelligence” [MeSH Terms], 
“ChatGPT” [Title/Abstract], “GPT-4” [Title/Abstract], 
“Chatbot” [Title/Abstract], “Natural language process-
ing” [Title/Abstract], “Large language models” [Title/
Abstract]). These terms were combined with terms 
related to the licensing examination (e.g., “educational 
measurement” [MeSH Terms], “licensure, medical” 
[MeSH Terms], “licensure, pharmacy” [MeSH Terms], 
“licensure, dental” [MeSH Terms], “licensure, nurs-
ing” [MeSH Terms], “medical licensure exam*” [Title/
Abstract]). Variations of this search strategy were applied 
across various sources. Controlled vocabulary such 
as MeSH (Medical Subject Headings) for MEDLINE 
(PubMed) and thesaurus terms from ERIC were utilized 
alongside advanced search techniques such as truncation 
for broader retrieval. The first author (HK) conducted the 
search, and the full search strategies are shown in Sup-
plementary Table 3.

Inclusion and exclusion criteria
Two reviewers (HK and HE) independently reviewed 
the eligibility of studies for inclusion and exclusion. Dis-
agreements between the reviewers were resolved by 
consensus or discussion with a third reviewer (EY). A 
study was considered for inclusion in the meta-analysis 
only if it met all of the following four criteria: (1) focused 
on evaluating the performance of a ChatGPT model 
(ChatGPT-3.5 or GPT-4); (2) related to national licens-
ing examinations in the fields of medicine, pharmacy, 
dentistry, or nursing; (3) involved multiple-choice ques-
tions; and (4) provided data that enabled the calcula-
tion of effect size. Studies were excluded if they (1) were 
review articles or meta-analyses; (2) used any AI platform 
other than ChatGPT-3.5 or GPT-4; (3) were unrelated 
to national licensing exams; (4) lacked sufficient data for 
effect size calculation; (5) did not use multiple-choice 

questions (e.g., used open-ended questions); (6) were 
unavailable in full text; and (7) were not in the English 
language.

Outcome
The outcome of this study was the accuracy of ChatGPT 
(GPT-3.5 and GPT-4) on the national licensing examina-
tions for medicine, pharmacy, dentistry, and nursing.

Risk of bias in studies
The Joanna Briggs Institute (JBI) critical appraisal tools 
for analytical cross- sectional studies were used to assess 
the risk of bias [48]. This checklist consists of eight ques-
tions and each item is scored as 1 (yes) or 0 (no, unclear 
or not applicable), resulting in a total score of 8 if all ques-
tions are positively answered. Potential disagreements 
between the two reviewers were resolved by discussions. 
The risk of bias of the study was judged as follows: High 
risk if two or more domains were considered at high risk; 
moderate risk if one domain was considered at high risk 
or if two or more domains were considered unclear; low 
risk if no domains were considered at high risk.

Data extraction and coding
Data extraction was conducted independently by two 
reviewers (HK and HE) using a dual-review process, and 
any discrepancies in the data were resolved by consen-
sus or adjudication by a third reviewer (EY). The data 
extraction form was designed to collect relevant infor-
mation from studies, including descriptive details, such 
as the first author, publication year, journal, and country. 
Additionally, the specific characteristics of the studies 
included the ChatGPT models used, field of study, num-
ber of questions, accuracy rates, and key results observed.

Each of the 23 included studies was coded by the first 
author (HK), who subsequently trained other coders on 
the procedures, allowing them to execute the coding task 
independently.

Dependence
Independence violations occur when a single study yields 
multiple effect sizes [49]. This meta-analysis included 144 
effect sizes from 23 studies and used multivariate data. 
Such data typically emerge when a study produces sev-
eral effect sizes. To maintain the assumption of indepen-
dence and to avoid information loss, this study adopted 
a “shifting unit of analysis” approach [50]. Specifically, 
in this meta-analysis, the total effect size was calculated 
using the study as the unit of analysis; however, for the 
subgroup analysis, individual effect sizes were used as the 
units to estimate the effect sizes.
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Statistical analysis
A random-effects model was used to calculate the over-
all accuracy rate and all testing of moderators owing to 
the high level of heterogeneity among the included stud-
ies. All data analyses were conducted using the Compre-
hensive Meta-Analysis version 4 (Biostat, Englewood, 
NJ, USA). The number of correctly answered questions 
and the total number of questions were used to calculate 
the effect sizes in each study as proportions. Forest plot 
was employed to visually illustrate each study’s contri-
bution to this meta-analysis. The heterogeneity among 
the studies was measured using Q statistics, and the I2 
statistics illustrated the degree of heterogeneity. A sen-
sitivity analysis was conducted to assess the robustness 
of the findings by excluding studies that were judged 
to be at high risk of bias. Additionally, subgroup analy-
ses was performed to explore potential reasons for vari-
ance with the moderator variables (ChatGPT models and 
fields of health licensing examinations). Meta-regression 
was not performed in this study because there were no 
appropriate continuous variables available to assess the 
trends provided by the relevant variables through meta-
regression analysis. Funnel plots, Egger’s regression test, 
the Duval and Tweedie trim-and-fill methods, and classic 
fail-safe N test were used to evaluate publication bias. All 
analyses performed in this study were at 95% CIs.

Ethical considerations
This meta-analysis was conducted using previously pub-
lished studies. Therefore, evaluation by the institutional 
review board was not considered necessary.

Results
Study selection
The literature search yielded 433 articles after the initial 
search. After removing duplicates and performing title/
abstract screening, a total of 31 articles were included 
for full-text review. Of these, one was excluded as it was 
reported in a language other than English, three for non-
multiple-choice questions, and eight for insufficient data 
for calculating effect size. After assessing the articles for 
eligibility, 23 articles were included in this review (Fig. 1).

Risk of bias assessment
The findings of the risk of bias assessment using The 
Joanna Briggs Institute (JBI) Critical Appraisal Check-
list for analytical cross-sectional studies are presented 
in Table  1. Among the studies, two were deemed to be 
at high risk [33, 34], and 18 at low risk [11, 13, 21, 27, 
29–31, 35–45] with the most commonly observed weak-
nesses relating to the identification of confounding fac-
tors as well as the strategies to deal with them. The risk 
of bias for each of the other studies was considered to be 
moderate [14, 28, 32].

Study characteristics
The characteristics of the 23 included studies [11, 13, 14, 
21, 27–45] are shown in Table  2. These studies were all 
published between 2022 and 2024. Five of the included 
studies were conducted in the United States [11, 13, 14, 
28, 37], one in the UK [36], six in Japan [33, 35, 39–41, 
45], four in China [29, 42–44], two in Taiwan [21, 32], 
and one each in Australia [34], Belgium [38], Peru [30], 
Switzerland [31], and Saudi Arabia [27]. In terms of field, 
17 articles focused on medicine [11, 13, 14, 27, 29, 30, 33, 
34, 36–38, 40–45], three on pharmacy [21, 28, 35], two 
on nursing [32, 39], and one on dentistry [31]. The range 
of questions per examination varied from 21 questions 
related to communication skills, ethics, empathy, and 
professionalism in the USMLE [14] to 1510 questions 
across four separate exams in 2022 and 2023 in the Regis-
tered Nurse License Exam [32].

The performance of ChatGPT-3.5 across these studies 
fluctuated drastically, with scores as low as 38% in the 
Japanese National Medical Licensure Examination [33] to 
as high as 73% in the Peruvian National Licensing Medi-
cal Examination [30]. Similarly, GPT-4’s performance 
varied but generally demonstrated superior accuracy, 
achieving from 64.4% in the Swiss Federal Licensing 
Examination in Dental Medicine [31] to 100% in USMLE 
questions related to soft skills assessments [14]. This con-
sistent improvement across different exams and regions 
indicates GPT-4’s enhanced capability to handle diverse 
medical licensing examinations with higher accuracy 
compared to its predecessor.

Publication bias
A funnel plot of the included studies revealed somewhat 
asymmetry (Fig.  2). Egger’s regression test resulted in a 
significant p-value (p = 0.028), suggesting the presence 
of publication bias in the meta-analysis. Conversely, the 
trim-and-fill analysis revealed that no studies were omit-
ted or required trimming, indicating that the overall 
effect size remained unchanged. Additionally, Rosenthal’s 
fail-safe number, calculated in CMA as 310, suggests 
the absence of publication bias when compared to the 
Eq. 5n + 10 [51], where n represents the number of stud-
ies included in the meta-analysis. Taken together, we 
believe that publication bias does not appear likely in the 
study.

Overall analysis
A random-effects model was selected based on the 
assumption that effect sizes might vary among stud-
ies due to variations in examinations. Consequently, 
the effect sizes in the primary studies were also het-
erogeneous (Q = 1201.303, df = 22, p < 0.001), with an 
I2 of 98.2%. The overall effect size for the percentage of 
performance of ChatGPT models was 70.1% (95% CI, 
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65.0-74.8%). The forest plot of individual and overall 
effect sizes is shown in Fig. 3.

Subgroup analyses
Under a random-effects model, subgroup analyses were 
conducted with the two categorical variables: (1) the 
type of ChatGPT model (ChatGPT-3.5 vs. GPT-4); and 
(2) the field of health licensing examinations (medi-
cine, pharmacy, dentistry, and nursing), as detailed in 
Table 3. Other potential moderating factors were limited, 
as they were either too infrequently reported or inade-
quately described to facilitate a comprehensive subgroup 
analysis.

ChatGPT models
The effect size for the percentage of performance with 
regard to the ChatGPT models was 58.9% (95% CI, 
56.2-61.6%) for ChatGPT-3.5 and 80.4% (95% CI, 78.6-
82.0%) for GPT-4. The test results demonstrated a sig-
nificant difference between the effect sizes of the studies 
(Q = 177.027, p < 0.001).

Fields of health licensing examinations
The effect size for percentage of performance was at an 
average rate of 71.5% (95% CI, 66.3-76.2%) in pharmacy, 
69.7% (95% CI, 65.9-73.2%) in medicine, 63.2% (95% CI, 
54.6-71.1%) in dentistry, and 61.8% (95% CI, 58.7-64.9%) 
in nursing. This indicated a significant difference between 
the fields (Q = 15.334, p = 0.002).

Fig. 1  PRISMA flowchart of included studies
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Sensitivity analysis
The sensitivity analysis demonstrated that removing 
high-risk studies did not significantly alter the overall 
accuracy, which remained at 71.3% (95% CI, 66.3-75.8%), 
indicating that the results were robust (p < 0.001), with an 
I² of 98.1% (Fig. 4).

Discussion
Overall, though exhibiting varying levels of risk of bias, 
the majority of the included studies were considered to 
be of high quality. The largest threats were related to the 
lack of identification of confounding factors and the strat-
egies to address them. To the best of our knowledge, this 
is the first meta-analysis focusing on the performance 
of ChatGPT technology in four types of health licensing 
examinations, specifically comparing GPT-3.5 and GPT-
4. Most previous studies have either focused solely on 
academic testing or knowledge assessment rather than 
national licensing exams [25, 52–54] or have combined 
these contexts without distinction [17, 46, 47]. Addition-
ally, they have primarily reported the accuracy rate of a 
single version of ChatGPT instead of comparing different 
versions [17, 29, 32, 37, 39, 44].

The findings clearly indicate that GPT-4’s accuracy 
rates were significantly higher than those of ChatGPT-3.5 
across various national medical licensing exams con-
ducted in different countries. Furthermore, these results 
demonstrate that GPT-4 not only surpasses GPT-3.5 in 
overall accuracy but also shows more reliable perfor-
mance, making it a more advanced tool for such assess-
ments. A previous study suggested that achieving an 
accuracy rate exceeding 95% could make ChatGPT a reli-
able education tool [55]. Although it remains uncertain 
whether future models will attain this level of proficiency, 
the rapid development of these LLM technologies, owing 
to user feedback and deep learning, will lead to their 
potential utilization in learning and education in the 
medical field.

Regarding the types of ChatGPT models, this study 
provides insights into the potential of GPT-4, the lat-
est version, particularly within the scope of its training 
dataset. Our finding is similar to what a previous study 
showed regarding USMLE questions, where accuracy 
rates of 84.7% were observed for GPT-4 and 56.9% for 
its earlier version [56]. Another study also reported that 
GPT-4 had an accuracy of 86.1% and ChatGPT-3.5 had 

Table 1  Quality assessment of the included studies
Study ID Q1 Q2 Q3 Q4 Q5 Q6 Q7 Q8 Total scorea Overall

Risk of Bias
Aljindan et al. [27] 1 1 1 1 1 1 1 1 8 Low
Angel et al. [28] 1 1 1 1 1 0 1 1 7 Moderate
Brin et al. [14] 1 1 1 1 1 0 1 1 7 Moderate
Fang et al. [29] 1 1 1 1 1 1 1 1 8 Low
Flores-Cohaila et al. [30] 1 1 1 1 1 1 1 1 8 Low
Fuchs et al. [31] 1 1 1 1 1 1 1 1 8 Low
Huang [32] 1 1 1 1 1 0 1 1 7 Moderate
Kataoka et al. [33] 1 1 1 1 0 0 1 1 6 High
Kleinig et al. [34] 1 1 1 1 0 0 1 1 6 High
Kung et al. [11] 1 1 1 1 1 1 1 1 8 Low
Kunitsu [35] 1 1 1 1 1 1 1 1 8 Low
Lai et al. [36] 1 1 1 1 1 1 1 1 8 Low
Mihalache et al. [37] 1 1 1 1 1 1 1 1 8 Low
Morreel et al. [38] 1 1 1 1 1 1 1 1 8 Low
Taira et al. [39] 1 1 1 1 1 1 1 1 8 Low
Takagi et al. [40] 1 1 1 1 1 1 1 1 8 Low
Tanaka et al. [41] 1 1 1 1 1 1 1 1 8 Low
Tong et al. [42] 1 1 1 1 1 1 1 1 8 Low
Wang et al. [43] 1 1 1 1 1 1 1 1 8 Low
Wang et al. [44] 1 1 1 1 1 1 1 1 8 Low
Wang et al. [21] 1 1 1 1 1 1 1 1 8 Low
Yanagita et al. [45] 1 1 1 1 1 1 1 1 8 Low
Yang et al. [13] 1 1 1 1 1 1 1 1 8 Low
Joanna Briggs Institute (JBI) critical appraisal tools for analytical cross- sectional studies
aThe range of overall quality scores is 0–8

Q1. Were the criteria for inclusion in the sample clearly defined?; Q2. Were the study subjects and the setting described in detail?; Q3. Was the exposure measured in 
a valid and reliable way?; Q4. Were objective, standard criteria used for measurement of the condition?; Q5. Were confounding factors identified? Q6. Were strategies 
to deal with confounding factors stated?; Q7. Were the outcomes measured in a valid and reliable way?; Q8. Was appropriate statistical analysis used?
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No. Study 
ID

Country Objectives related to ChatGPT models Field No. of 
questions

Accuracy

1 Aljin-
dan et 
al.
[27]

Saudi Arabia Assessment of proficiency of GPT-4 in 
answering Saudi Medical Licensing Exam 
questions

Medicine 220 GPT-4: Overall accuracy 88.6%. Accuracy 
varied by question difficulty and response 
option. Option A: 82.7% (43/52), Option B: 
93.3% (42/45), Option C: 88.1% (37/42), Op-
tion D: 93.8% (76/81)

2 Angel 
et al.
[28]

USA Assessment of the capabilities and limita-
tions of GPT-3, GPT-4, and Bard using a 
sample North American Pharmacist Licen-
sure Examination

Pharmacy 137 GPT-4: 78.8%, 27.7% improvement over 
GPT-3, surpassing the minimum passing 
score of 75

3 Brin et 
al.
[14]

USA Evaluation of ChatGPT and GPT-4’s 
performance in the United States Medical 
Licensing Exam (USMLE) questions related 
to communication skills, ethics, empathy, 
and professionalism

Medicine 21 GPT-4: 100% accuracy, ChatGPT: 66.6% 
accuracy

4 Fang 
et al.
[29]

China Assessment of ChatGPT’s performance on 
the Chinese
National Medical Licensing Examination 
(NMLE)

Medicine 600 ChatGPT: Overall 73.7% (442/600), surpass-
ing the passing threshold of 360/600. Per-
formance varied across four units, highest in 
Unit 4: 76.0%, lowest in Unit 2: 70.0%

5 Flores-
Cohaila 
et al.
[30]

Peru Assessment the accuracy of ChatGPT using 
GPT-3.5 and GPT-4 on the Peruvian National 
Licensing Medical
Examination (ENAM)

Medicine 180 GPT-4: 86% (155/180), GPT-3.5: 77% 
(139/180) for multiple-choice questions 
with justification and 73% (133/180) for 
those without justification; passing score on 
the ENAM 10.5 on a vigesimal scale: 95/180

6 Fuchs 
et al.
[31]

Switzerland Evaluating the performance of ChatGPT 
and GPT-4 on self-assessment dentistry 
questions via the Swiss Federal Licensing 
Examination in Dental Medicine (SFLEDM)

Dentistry 32 GPT-4: 64.4% (without priming), 66.7% (with 
priming), ChatGPT: 59.3% (without priming), 
62.6% (with priming); commonly used pass-
ing threshold in the SFLEDM assessment: 
60%

7 Huang
[32]

Taiwan Assessment of ChatGPT’s performance on 
the Registered Nurse License Exam (RNLE), 
and evaluation of the advantages and 
disadvantages of using ChatGPT

Nursing 1510
(4 exams: 
400 for 2022 
1st, 370 
each for 
2022 2nd, 
2023 1st, 
and 2023 
2nd)

ChatGPT: 63.75% (2022 1st exam), 58.37% 
(2022 2nd exam), 54.05% (2023 1st exam), 
60% (2023 2nd exam); passing average 
score of 60 across five subjects, each out 
of 100

8 Kata-
oka et 
al.
[33]

Japan Assessment of the accuracy of ChatGPT 
and Bing based on their responses to the 
National Medical Licensure Examination in 
Japan

Medicine 281 ChatGPT: Overall 38% (106/281), compulso-
ry questions: 42% (34/81), other questions: 
36% (72/200).
Bing: 78% (219/281)

9 Kleinig 
et al.
[34]

Australia Assessment of ChatGPT-3.5, ChatGPT-4, and 
New Bing’s performance using the publicly 
accessible Australian Medical Council Li-
censing Examination practice questions

Medicine 50 ChatGPT-3.5: 66% (99/150), ChatGPT-4: 
79.3% (119/150)

10 Kung 
et al.
[11]

USA Assessment of ChatGPT’s performance on 
the United
States Medical Licensing Exam (USMLE), 
which consists of three exams: Step 1, Step 
2CK, and Step 3

Medicine 350 Step 1: 55.8% (without justification), 64.5% 
(with justification), Step 2CK: 59.1% (without 
justification), 52.4% (with justification), Step 
3: 61.3% (without justification), 65.2% (with 
justification)

Table 2  Characteristics of the included studies
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No. Study 
ID

Country Objectives related to ChatGPT models Field No. of 
questions

Accuracy

11 Kunitsu
[35]

Japan Assessment of GPT-4’s ability to answer 
questions from the Japanese National 
Examination for Pharmacists (JNEP)

Pharmacy 107th and 
108th JNEP 
exams, with 
345 ques-
tions across 
three blocks; 
GPT-4 re-
sponded to 
284 and 287 
questions, 
respectively

GPT-4: 107th exam: Overall 64.5% (222/344), 
108th exam: Overall 62.9% (217/345). 
Improved to 78.2% (222/284) and 75.3% 
(217/288), respectively, when only consider-
ing questions it could answer. Lower ac-
curacy was observed in physics, chemistry, 
and calculation questions

12 Lai et 
al.
[36]

UK Assessment the performance of ChatGPT 
in the United Kingdom Medical Licensing 
Assessment

Medicine 191 GPT-4: Average score of 76.3% (437/573) 
across these attempts. Attempt 1: 74.9% 
(143/191), Attempt 2: 78.0% (149/191), At-
tempt 3: 75.6% (145/191)

13 Mihal-
ache 
et al.
[37]

USA Assessment of ChatGPT-4’s performance in 
responding to USMLE Step 1, Step 2CK, and 
Step 3 practice questions

Medicine 319 GPT-4: 88% on USMLE Step 1 (82/93), 86% 
on Step 2CK (91/106), and 90% on Step 3 
(108/120)

14 Mor-
reel et 
al.
[38]

Belgium Assessment of the accuracy of ChatGPT 
using GPT-3.5 and GPT-4 on the University 
of Antwerp Medical Licensing Exam

Medicine 95 GPT-4: 76% (72/95), ChatGPT: 67% (64/95)

15 Taira et 
al.
[39]

Japan Assessment of the performance of ChatGPT 
on the Japanese National Nurse Examina-
tions from 2019 to 2023

Nursing 240 
questions 
each year, 
categorized 
into two 
types: basic 
knowledge 
questions 
and general 
questions

ChatGPT: Average accuracy over five years: 
75.1% for basic knowledge questions, 64.5% 
for general questions; passing criteria: 80% 
for basic knowledge questions, approxi-
mately 60% for general

16 Takagi 
et al.
[40]

Japan Comparison of the performances of GPT-3.5 
and GPT-4 on the Japanese Medical Licens-
ing Examination

Medicine 254 GPT-3.5: 50.8%, GPT-4: 79.9%

17 Tanaka 
et al.
[41]

Japan Evaluating the performance of ChatGPT 
models (GPT-3.5 and GPT-4) on the NMLE 
and comparing it to the exam’s minimum 
passing rate

Medicine 116th: 290
117th: 262

116th exam: GPT-3.5: 63.1% (183/290), GPT-
4: 82.8% (240/290),
117th exam: GPT-4: 78.6% (206/262) with a 
tuned prompt

18 Tong 
et al.
[42]

China Evaluating the applicability and limitations 
of ChatGPT(4.0) in the context of taking the 
Chinese Medical Licensing Examination in 
both English and Chinese versions

Medicine 160 GPT-4: 81.25% for the Chinese versions, 
86.25% for the English versions

19 Wang 
et al.
[43]

China Comparison of ChatGPT’s (GPT-3.5 and GPT-
4) performance in the China National Medi-
cal Licensing Examination (CNMLE) and its 
English translated version (ENMLE)

Medicine 200 (100 in 
CNMLE, 100 
in ENMLE)

GPT-3.5: 56% (56/100) for CNMLE, 76% 
(76/100) for ENMLE.
GPT-4: 84% (84/100) for CNMLE, 86% 
(86/100) for ENMLE

20 Wang 
et al.
[44]

China Comparison the performance of medical 
students and ChatGPT in the Chinese NMLE

Medicine 600 (4 units 
with 150 per 
unit)

ChatGPT: 47.0% (282/600) in 2020, 45.8% 
(275/600) in 2021, 36.5% (219/600) in 2022. 
ChatGPT’s accuracy was lower than that of 
medical students in the Chinese NMLE

21 Wang 
et al.
[21]

Taiwan Evaluating ChatGPT’s accuracy on the 
Taiwanese Pharmacist Licensing Examina-
tion and exploring its potential in pharmacy 
education

Pharmacy 826 (203 
in Stage1 
and 210 in 
Stage2 for 
Chinese 
and English, 
respectively)

ChatGPT: Stage 1: 54.4% for Chinese, 56.9% 
for English. Stage 2: 53.8% for Chinese, 
67.6% for English

Table 2  (continued) 
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an accuracy of 77.2% in the Peruvian National Licens-
ing Medical Examination [30]. All of this suggests that 
GPT-4’s outperformance is perhaps attributable to its 
improved reasoning capabilities or critical thinking [57].

The current study revealed that in the context of health 
licensing examinations, ChatGPT models exhibited the 
highest proficiency for pharmacy, followed by medi-
cine, dentistry, and nursing. Our results were inconsis-
tent with previous research indicating that ChatGPT 

exhibited greater proficiency in NNLE, with NMLE and 
NPLE following behind in China, which is likely associ-
ated with the difference in GPT model versions as well 
as the difficulty and complexity of the test questions [20]. 
Moreover, variations in language or culture can lead to 
performance disparities. Similarly, a study by Seghier also 
highlighted that these innovative models encountered 
linguistic challenges and emphasized that their perfor-
mance in non-English responses was significantly lower 

Fig. 2  Funnel plot for studies included in the meta-analysis

 

No. Study 
ID

Country Objectives related to ChatGPT models Field No. of 
questions

Accuracy

22 Yanagi-
ta et al. 
[45]

Japan Assessment of correct answers output by 
GPT-3.5 and GPT-4 from the NMLE in Japan

Medicine Out of 400 
questions, 
292 exclud-
ing those 
with charts 
unsup-
ported by 
ChatGPT

GPT-4: 81.5% (237/292), surpassing the 
passing threshold of 72%.
GPT-3.5: 42.8% (125/292)

23 Yang 
et al.
[13]

USA Comparison of the performance of GPT-4 V, 
GPT-4, and ChatGPT on medical licensing 
examination questions

Medicine 376 ques-
tions (119 in 
Step 1, 120 
in Step 2CK, 
137 in Step 
3). Among 
these, 51 
questions 
included im-
ages (19 in 
Step 1, 14 in 
Step 2CK, 18 
in Step 3)

GPT-4 V: 88.2–92.7%, GPT-4: 80.8–88.3%, 
ChatGPT: 55.1–60.9%. GPT-4 V exceeded 
USMLE standards except in anatomy, 
emergency medicine, and pathology 
(25–50%). Image-based questions: ChatGPT: 
42.1–50.0%, GPT-4: 63.2–66.7%

Table 2  (continued) 
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[58]. Consequently, the present study recommends incor-
porating additional training data in languages other than 
English to improve performance, enabling ChatGPT to be 
an effective educational tool as an AI assistant in broader 
educational contexts, for both students and profession-
als. Along with this, while this meta-analysis includes 
studies from various educational fields, it is important to 
address the scarcity of research specifically in the field of 
dentistry, with only one study available. Further research 
in this area is necessary to ensure that our final findings 
are robust and generalizable across different educational 
settings.

In addition to the suggestions discussed above, it must 
be noted that the rapid evolution of medical fields neces-
sitates high quality, up-to-date data to enhance perfor-
mance. For instance, considering the annual introduction 
of new and updated medications and medical guide-
lines, ChatGPT might not always have access to the most 

recent information due to its available knowledge being 
limited to 2021. Furthermore, previous studies have 
reported that ChatGPT might provide incorrect informa-
tion or plausible but wrong answers, commonly referred 
to as “hallucinations” [16, 32, 38, 43]. The models used in 
this study, ChatGPT-3.5 and GPT-4, represent earlier and 
more recent versions, respectively, and as AI technology 
rapidly evolves, these versions may soon become obso-
lete and appear limited. Previous research has suggested 
that many limitations identified in ChatGPT-3.5, includ-
ing hallucinations, still apply to GPT-4 [57]. Therefore, 
it is imperative for future versions to recognize both the 
limitations and possibilities of these generative AI chat-
bots, and to ensure continuous refinement and training, 
in order to achieve a more reliable resource and practical 
application.

Based on the results of this study, certain limitations 
that could affect the interpretation of our findings should 

Table 3  Subgroup analyses
Variables Classification Point estimate 95% CI Q df p

Lower Upper
ChatGPT models ChatGPT-3.5 0.589 0.562 0.616 177.027 1 < 0.001

GPT-4 0.804 0.786 0.820
Fields of
health licensing examinations

Pharmacya 0.715 0.663 0.762 15.334 3 0.002
a, b > dMedicineb 0.697 0.659 0.732

Dentistryc 0.632 0.546 0.711
Nursingd 0.618 0.587 0.649

Fig. 3  Forest plot of effect sizes using random effect model
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be acknowledged. First, while this systematic review 
employed rigorous methods and has been reported in 
accordance with PRISMA, it is acknowledged that the 
protocol was not registered. Second, the variability in 
the inclusion criteria and the design of the studies across 
different countries poses a significant limitation. Health 
licensing examinations’ structures, difficulty levels, and 
content vary by country, which might influence the per-
formance outcomes of ChatGPT models. Therefore, this 
variability is possible to make it challenging to accurately 
assess the effectiveness of the AI models. Third, the ques-
tions included in the studies were multiple choice, cov-
ering only a limited scope of knowledge and requiring 
the selection of the best answer. This approach deviates 
significantly from real-world medical education settings; 
hence, specialized training data is needed for the differ-
ent types of questions, including open-ended or sce-
nario-based formats. Fourth, it must be emphasized that 
although the ChatGPT versions demonstrated potential 
in answering questions from the licensing examination, 
they should not be solely depended upon for studying for 
tests. As these LLMs often deliver false or unreliable data 
[59], it is essential to handle their results with caution 
and verify them against reliable educational resources, 
especially in high-stakes exams such as health licensing 
exams. Fifth, this study did not include any grey litera-
ture. Incorporating these sources would help provide a 
more balanced and comprehensive view of the effective-
ness of ChatGPT. Finally, this study concentrated solely 

on ChatGPT models, but it is important to consider that 
other LLMs, such as Google’s Bard, Microsoft’s Bing 
Chat, and Meta’s LLaMA, have also made significant 
advancements and ongoing improvements. Therefore, 
future research should explore the application of LLMs 
beyond ChatGPT to offer an up-to-date perspective on 
their efficacy in medical and health education.

Conclusions
This study evaluated the performance of both ChatGPT 
versions across four types of health licensing exami-
nations using a meta-analysis. The findings indicated 
that GPT-4 significantly outperformed its predecessor, 
ChatGPT-3.5, in terms of accuracy in providing correct 
responses. Additionally, the ChatGPT models showed 
higher proficiency for pharmacy, followed by medicine, 
dentistry, and nursing. However, future research needs to 
incorporate larger and more varied sets of questions, as 
well as advanced generations of AI chatbots, to achieve a 
more in-depth understanding in health educational and 
clinical settings.
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