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ChatGPT, a recently launched AI chatbot, has shown notable performance in medical exams. However, there has been no 

comprehensive evaluation of the ChatGPT models (ChatGPT-3.5 and GPT-4) across multiple national health licensing exams. 

This study sought to systematically assess how ChatGPT performs in licensing examinations for medicine, pharmacy, dentistry, 

and nursing via a meta-analysis. Following the PRISMA guidelines, relevant full-text studies were retrieved from 

MEDLINE/PubMed, EMBASE, ERIC, Cochrane Library, Web of Science, and key journals, covering the period from 

ChatGPT’s release up to February 27, 2024. Studies were included if they investigated ChatGPT-3.5 or GPT-4 performance in 

national licensing exams in medicine, pharmacy, dentistry, or nursing, used multiple-choice questions, and provided data 

suitable for effect size calculation. Data extraction, coding, and quality assessment were independently performed by two 

reviewers. The quality of included studies was assessed using the JBI Critical Appraisal Tools. A random-effects model was 

applied to compute pooled effect sizes with 95% confidence intervals (CIs). 

A total of 23 studies met the inclusion criteria, covering four types of national licensing exams. Study distribution included 

medicine (n = 17), pharmacy (n = 3), nursing (n = 2), and dentistry (n = 1). Accuracy rates ranged from 36–77% for ChatGPT-

3.5 and 64.4–100% for GPT-4. The overall pooled accuracy was 70.1% (95% CI, 65–74.8%), statistically significant 

(p < 0.001). Subgroup analyses showed that GPT-4 consistently outperformed ChatGPT-3.5. Across disciplines, the models 

demonstrated the highest performance in pharmacy, followed by medicine, dentistry, and nursing. Limitations included the 

narrow range of question types (absence of open-ended and scenario-based items) and considerable heterogeneity among 

studies. This analysis provides insight into ChatGPT’s accuracy across four national health licensing exams and offers both 

practical guidance and theoretical support for future research. Further work should investigate the use of ChatGPT in healthcare 

education with more diverse question types and advanced AI versions. 
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Introduction 

Artificial intelligence (AI) has undergone rapid 

development over the last decade, producing substantial 

advances in multiple domains [1, 2]. Among the most 

notable innovations is ChatGPT (OpenAI, San Francisco, 

CA), a language model capable of generating human-like 

text [3]. Since its release, ChatGPT has been applied in 

healthcare, education, research, business, and industry 

[4–6]. The system represents a sophisticated, evolving AI 

tool with potential utility for clinicians, educators, and 

students. For example, in education, advanced ChatGPT 

versions can provide personalized tutoring and learning 

guidance [7]. In healthcare, it can assist with diagnosis, 

treatment planning, and patient education by integrating 

knowledge with interactive conversation [1, 8–10]. 

With continuous improvements, ChatGPT’s reliability is 

expected to increase, enhancing its applicability in health 

education. Gilson et al. reported that ChatGPT could 
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perform at the level of third-year US medical students, 

providing logical explanations and feedback [7]. The 

model has also shown effectiveness in the US Medical 

Licensing Examination (USMLE), with accuracy 

ranging from 40–60% [7, 11]. GPT-4 surpasses 

ChatGPT-3.5 in reliability and precision, delivering 

expert-level responses [12]. Yang et al. found GPT-4 

achieved 90.7% accuracy on USMLE items requiring 

image interpretation, exceeding the approximate 60% 

passing mark [13]. GPT-4 additionally handled complex 

ethical, interpersonal, and professional medical tasks 

[14]. 

Despite these capabilities, adoption in healthcare 

education remains limited [15]. ChatGPT can generate 

inaccurate outputs [16], and reported accuracy varies 

across medical fields and exam formats [17, 18]. 

Calculations are a particular challenge for large language 

models (LLMs) [19], affecting performance in non-

English National Medical (NMLE), Pharmacist (NPLE), 

and Nurse (NNLE) Licensing Examinations [20, 21]. 

Differences in curricula and exam content may explain 

performance variability [22, 23]. Although accuracy has 

improved over time, ChatGPT still scores below medical 

students [24, 25], leading to inconsistent and 

inconclusive findings. 

To address this, a meta-analysis is needed to summarize 

evidence on ChatGPT’s performance in licensing exams 

for medicine, pharmacy, dentistry, and nursing across 

various countries. This study aimed to evaluate 

ChatGPT-3.5 and GPT-4 performance without country-

specific restrictions. Research questions included: (1) 

What is the overall effect size of ChatGPT models in 

these licensing exams? (2) Which model has the greatest 

impact on effect sizes? (3) Which discipline exams 

contribute most to ChatGPT performance outcomes? 

Materials and Methods  

Reporting framework 

This meta-analysis and review followed the PRISMA 

(Preferred Reporting Items for Systematic Reviews and 

Meta-Analyses) framework [26].  

Data sources 

No protocol was formally registered for this review. 

Studies were retrieved from MEDLINE/PubMed, 

EMBASE, Cochrane Library, ERIC, and Web of 

Science. To ensure completeness, we also hand-searched 

key journals in healthcare education, examined reference 

lists of included studies [11, 13, 14, 21, 27–45], and 

reviewed prior systematic reviews [17, 46, 47]. All 

references were managed using EndNote™. The search 

was restricted to English-language articles published 

between November 30, 2022 (the launch date of OpenAI) 

and February 27, 2024. 

Search strategy 

A structured search was performed using terms related to 

ChatGPT, including “Artificial intelligence” [MeSH], 

“ChatGPT” [Title/Abstract], “GPT-4” [Title/Abstract], 

“Chatbot” [Title/Abstract], “Natural language 

processing” [Title/Abstract], and “Large language 

models” [Title/Abstract]. These were combined with 

terms targeting licensing examinations: “educational 

measurement” [MeSH], “licensure, medical” [MeSH], 

“licensure, pharmacy” [MeSH], “licensure, dental” 

[MeSH], “licensure, nursing” [MeSH], and “medical 

licensure exam*” [Title/Abstract]. Controlled vocabulary 

(MeSH for MEDLINE, ERIC thesaurus) and advanced 

search tools such as truncation were used to maximize 

retrieval. The search was executed by HK. 

Eligibility criteria 

Two independent reviewers (HK and HE) screened 

studies, resolving disagreements through discussion or 

consultation with a third reviewer (EY). Inclusion 

required that studies: (1) evaluated ChatGPT-3.5 or GPT-

4 performance; (2) pertained to national licensing exams 

in medicine, pharmacy, dentistry, or nursing; (3) used 

multiple-choice questions; and (4) provided sufficient 

data to calculate effect sizes. Exclusion criteria included: 

(1) review articles or meta-analyses; (2) use of non-

ChatGPT AI platforms; (3) unrelated to national 

licensing exams; (4) insufficient data for effect size 

computation; (5) open-ended question formats; (6) 

inaccessible full texts; and (7) non-English language 

publications. 

Outcome measure 

The primary metric was the accuracy of ChatGPT-3.5 

and GPT-4 on licensing exams in medicine, pharmacy, 

dentistry, and nursing. 

Risk of bias assessment 

The Joanna Briggs Institute (JBI) critical appraisal tool 

for analytical cross-sectional studies [48] was employed 

to assess bias risk. The checklist includes eight items 

scored 1 (yes) or 0 (no/unclear/not applicable), yielding 
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a maximum of 8. Discrepancies were resolved via 

discussion. Risk was categorized as high if ≥2 domains 

were high risk, moderate if one domain was high or ≥2 

were unclear, and low if all domains were low risk. 

Data extraction and coding 

Two reviewers (HK and HE) independently extracted 

data using a predesigned form; differences were resolved 

through discussion or adjudication by EY. Extracted 

details included descriptive study information (first 

author, year, journal, country) and study-specific data 

(ChatGPT version, discipline, number of questions, 

accuracy, and key findings). HK coded all 23 studies and 

trained additional coders, who then independently 

completed coding. 

Handling dependent effect sizes 

Some studies contributed multiple effect sizes, violating 

independence assumptions [49]. This review included 

144 effect sizes from 23 studies, generating multivariate 

data. To address this, a “shifting unit of analysis” method 

was applied [50]. Overall effect sizes were calculated at 

the study level, while subgroup analyses used individual 

effect sizes to estimate separate effects. 

Statistical analysis 

Given the high heterogeneity among the included studies, 

all effect size calculations and moderator analyses were 

performed using a random-effects model. Analyses were 

executed with Comprehensive Meta-Analysis, version 4 

(Biostat, Englewood, NJ, USA). For each study, the 

proportion of correctly answered questions relative to the 

total number of items was computed to represent effect 

sizes. Contributions of individual studies to the overall 

meta-analysis were displayed using forest plots. 

Between-study variability was quantified with Q 

statistics, and I² statistics were calculated to indicate the 

extent of heterogeneity. Sensitivity analyses were 

conducted by excluding studies deemed high risk of bias 

to assess the stability of the pooled results. Subgroup 

analyses were applied to explore potential sources of 

heterogeneity based on the type of ChatGPT model and 

the discipline of the health licensing exam. Meta-

regression was not performed due to the absence of 

suitable continuous variables. Publication bias was 

evaluated using funnel plots, Egger’s regression test, 

Duval and Tweedie’s trim-and-fill procedure, and the 

classic fail-safe N test. All statistical evaluations were 

performed at 95% confidence intervals. 

Ethical considerations 

This meta-analysis relied exclusively on previously 

published data; therefore, institutional review board 

approval was not required. 

Results and Discussion 

Study selection 

The initial database search identified 433 records. After 

duplicate removal and title/abstract screening, 31 articles 

were assessed at the full-text level. Exclusions included 

one non-English publication, three studies using non–

multiple-choice formats, and eight studies lacking 

sufficient data for effect size calculation. Consequently, 

23 studies were retained for inclusion in the meta-

analysis (Figure 1). 
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Figure 1. PRISMA flow diagram of study inclusion 

Risk of bias assessment 

Table 1 presents the results of the Joanna Briggs Institute 

(JBI) Critical Appraisal Checklist for analytical cross-

sectional studies. Two studies were classified as high risk 

[33, 34], 18 as low risk [11, 13, 21, 27, 29–31, 35–45], 

with common limitations related to identifying and 

addressing confounding variables. The remaining studies 

were rated as moderate risk [14, 28, 32]. 

 

Table 1. Risk of bias evaluation using JBI checklist (score range 0–8) 

Study ID Q8 Q7 Q6 Q5 Q4 Q3 Q2 Q1 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 0 1 1 1 1 1 7 Moderate 

Brin et al. [14] 1 1 0 1 1 1 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 0 1 1 1 1 1 7 Moderate 

Kataoka et al. [33] 1 1 0 0 1 1 1 1 6 High 
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Kleinig et al. [34] 1 1 0 0 1 1 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 

Q1: Inclusion criteria clearly defined; Q2: Study subjects and setting adequately described; Q3: Exposure measured reliably; Q4: Standardized 

criteria used for outcome measurement; Q5: Confounders identified; Q6: Strategies for confounders reported; Q7: Outcomes measured validly; Q8: 

Appropriate statistical methods applied.

Study characteristics 

The 23 studies [11, 13, 14, 21, 27–45] were published 

between 2022 and 2024 (Table 2). By region, five studies 

were from the United States [11, 13, 14, 28, 37], one from 

the UK [36], six from Japan [33, 35, 39–41, 45], four 

from China [29, 42–44], two from Taiwan [21, 32], and 

one each from Australia [34], Belgium [38], Peru [30], 

Switzerland [31], and Saudi Arabia [27]. In terms of 

discipline, 17 studies examined medicine [11, 13, 14, 27, 

29, 30, 33, 34, 36–38, 40–45], three pharmacy [21, 28, 

35], two nursing [32, 39], and one dentistry [31]. The 

number of questions per exam ranged from 21 (USMLE 

soft skills, ethics, and communication items [14]) to 1510 

across four exams in the Registered Nurse License Exam 

[32]. 

 

Table 2. Characteristics of included studies 

No. Country 
Study 

ID 

Objectives Related to 

ChatGPT Models 

Number of 

Questions 
Field Accuracy 

1 
Saudi 

Arabia 

Aljind

an et 

al. 

[27] 

Evaluating GPT-4's 

proficiency in responding 

to questions from the Saudi 

Medical Licensing Exam 

220 Medicine 

GPT-4: Total accuracy 88.6%. 

Performance differed based on 

question difficulty and answer 

choices. Option A: 82.7% (43/52), 

Option B: 93.3% (42/45), Option C: 

88.1% (37/42), Option D: 93.8% 

(76/81) 

2 USA 

Angel 

et al. 

[28] 

Examining the strengths 

and weaknesses of GPT-3, 

GPT-4, and Bard on sample 

questions from the North 

American Pharmacist 

Licensure Examination 

137 Pharmacy 

GPT-4: 78.8%, representing a 

27.7% improvement compared to 

GPT-3, and exceeding the minimum 

passing threshold of 75 

3 USA 

Brin et 

al. 

[14] 

Assessing the performance 

of ChatGPT and GPT-4 on 

United States Medical 

Licensing Exam (USMLE) 

questions focused on 

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

66.6% accuracy 
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communication skills, 

ethics, empathy, and 

professionalism 

4 China 

Fang 

et al. 

[29] 

Evaluating ChatGPT's 

results on the Chinese 

National Medical Licensing 

Examination (NMLE) 

600 Medicine 

ChatGPT: Overall 73.7% (442/600), 

exceeding the passing score of 

360/600. Results varied by unit, 

with the highest in Unit 4: 76.0%, 

and the lowest in Unit 2: 70.0% 

5 Peru 

Flores

-

Cohail

a et al. 

[30] 

Examining the precision of 

ChatGPT using GPT-3.5 

and GPT-4 on the Peruvian 

National Licensing Medical 

Examination (ENAM) 

180 Medicine 

GPT-4: 86% (155/180), GPT-3.5: 

77% (139/180) for multiple-choice 

questions requiring justification and 

73% (133/180) for those without; 

passing score on the ENAM is 10.5 

on a vigesimal scale: 95/180 

6 
Switzerla

nd 

Fuchs 

et al. 

[31] 

Investigating ChatGPT and 

GPT-4 performance on 

self-assessment questions in 

dentistry from the Swiss 

Federal Licensing 

Examination in Dental 

Medicine (SFLEDM) 

32 Dentistry 

GPT-4: 64.4% (without priming), 

66.7% (with priming), ChatGPT: 

59.3% (without priming), 62.6% 

(with priming); typical passing 

threshold for the SFLEDM is 60% 

7 Taiwan 
Huang 

[32] 

Evaluating ChatGPT's 

results on the Registered 

Nurse License Exam 

(RNLE), including its 

benefits and drawbacks 

1510 (4 

exams: 400 

for 2022 

1st, 370 

each for 

2022 2nd, 

2023 1st, 

and 2023 

2nd) 

Nursing 

ChatGPT: 63.75% (2022 1st exam), 

58.37% (2022 2nd exam), 54.05% 

(2023 1st exam), 60% (2023 2nd 

exam); passing requires an average 

of 60 across five subjects, each 

scored out of 100 

8 Japan 

Katao

ka et 

al. 

[33] 

Examining the precision of 

ChatGPT and Bing 

responses to the National 

Medical Licensure 

Examination in Japan 

281 Medicine 

ChatGPT: Overall 38% (106/281), 

compulsory questions: 42% (34/81), 

other questions: 36% (72/200). 

Bing: 78% (219/281) 

9 Australia 

Kleini

g et al. 

[34] 

Evaluating ChatGPT-3.5, 

ChatGPT-4, and New Bing 

on publicly available 

Australian Medical Council 

Licensing Examination 

practice questions 

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

ChatGPT-4: 79.3% (119/150) 

10 USA 

Kung 

et al. 

[11] 

Examining ChatGPT's 

performance across the 

three United States Medical 

Licensing Exam (USMLE) 

steps: Step 1, Step 2CK, 

and Step 3 

350 Medicine 

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) 

11 Japan 
Kunits

u [35] 

Assessing GPT-4's 

capability on questions 

from the Japanese National 

Examination for 

Pharmacists (JNEP) 

107th and 

108th 

JNEP 

exams, 

with 345 

Pharmacy 

GPT-4: 107th exam: Overall 64.5% 

(222/344), 108th exam: Overall 

62.9% (217/345). Rose to 78.2% 

(222/284) and 75.3% (217/288), 

respectively, for answerable 
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questions 

across three 

blocks; 

GPT-4 

answered 

284 and 

287 

questions, 

respectivel

y 

questions. Reduced accuracy in 

physics, chemistry, and calculation 

questions 

12 UK 

Lai et 

al. 

[36] 

Evaluating ChatGPT 

performance on the United 

Kingdom Medical 

Licensing Assessment 

191 Medicine 

GPT-4: Average score of 76.3% 

(437/573) across attempts. Attempt 

1: 74.9% (143/191), Attempt 2: 

78.0% (149/191), Attempt 3: 75.6% 

(145/191) 

13 USA 

Mihal

ache 

et al. 

[37] 

Examining ChatGPT-4's 

results on practice 

questions for USMLE Step 

1, Step 2CK, and Step 3 

319 Medicine 

GPT-4: 88% on Step 1 (82/93), 86% 

on Step 2CK (91/106), and 90% on 

Step 3 (108/120) 

14 Belgium 

Morre

el et 

al. 

[38] 

Evaluating the precision of 

ChatGPT with GPT-3.5 and 

GPT-4 on the University of 

Antwerp Medical Licensing 

Exam 

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

67% (64/95) 

15 Japan 

Taira 

et al. 

[39] 

Examining ChatGPT's 

performance on Japanese 

National Nurse 

Examinations from 2019 to 

2023 

240 

questions 

each year, 

divided 

into basic 

knowledge 

and general 

questions 

Nursing 

ChatGPT: Five-year average 

accuracy: 75.1% for basic 

knowledge questions, 64.5% for 

general questions; passing requires 

80% for basic knowledge and about 

60% for general 

16 Japan 

Takagi 

et al. 

[40] 

Comparing GPT-3.5 and 

GPT-4 performance on the 

Japanese Medical Licensing 

Examination 

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

17 Japan 

Tanak

a et al. 

[41] 

Assessing GPT-3.5 and 

GPT-4 on the NMLE and 

comparing to the exam's 

minimum passing rate 

116th: 290, 

117th: 262 
Medicine 

116th exam: GPT-3.5: 63.1% 

(183/290), GPT-4: 82.8% (240/290), 

117th exam: GPT-4: 78.6% 

(206/262) with tuned prompt 

18 China 

Tong 

et al. 

[42] 

Investigating the suitability 

and constraints of ChatGPT 

(4.0) for the Chinese 

Medical Licensing 

Examination in English and 

Chinese 

160 Medicine 

GPT-4: 81.25% for Chinese 

versions, 86.25% for English 

versions 

19 China 

Wang 

et al. 

[43] 

Comparing GPT-3.5 and 

GPT-4 on the China 

National Medical Licensing 

Examination (CNMLE) and 

its English translation 

(ENMLE) 

200 (100 in 

CNMLE, 

100 in 

ENMLE) 

Medicine 

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 
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20 China 

Wang 

et al. 

[44] 

Comparing medical 

students' and ChatGPT's 

performance on the Chinese 

NMLE 

600 (4 units 

with 150 

per unit) 

Medicine 

ChatGPT: 47.0% (282/600) in 2020, 

45.8% (275/600) in 2021, 36.5% 

(219/600) in 2022. ChatGPT scored 

lower than medical students on the 

Chinese NMLE 

21 Taiwan 

Wang 

et al. 

[21] 

Assessing ChatGPT's 

precision on the Taiwanese 

Pharmacist Licensing 

Examination and its 

potential role in pharmacy 

education 

826 (203 in 

Stage 1 and 

210 in 

Stage 2 for 

Chinese 

and 

English, 

respectivel

y) 

Pharmacy 

ChatGPT: Stage 1: 54.4% for 

Chinese, 56.9% for English. Stage 2: 

53.8% for Chinese, 67.6% for 

English 

22 Japan 

Yanag

ita et 

al. 

[45] 

Evaluating correct 

responses from GPT-3.5 

and GPT-4 on Japan's 

NMLE 

Out of 400 

questions, 

292 

excluding 

those with 

unsupporte

d charts 

Medicine 

GPT-4: 81.5% (237/292), exceeding 

the passing threshold of 72%. GPT-

3.5: 42.8% (125/292) 

23 USA 

Yang 

et al. 

[13] 

Comparing GPT-4 V, GPT-

4, and ChatGPT on medical 

licensing exam questions 

376 

questions 

(119 in 

Step 1, 120 

in Step 

2CK, 137 

in Step 3). 

Among 

these, 51 

questions 

included 

images (19 

in Step 1, 

14 in Step 

2CK, 18 in 

Step 3) 

Medicine 

GPT-4 V: 88.2–92.7%, GPT-4: 

80.8–88.3%, ChatGPT: 55.1–60.9%. 

GPT-4 V met or 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% 

ChatGPT performance 

ChatGPT-3.5 showed considerable variation in 

performance, with scores ranging from 38% on the 

Japanese National Medical Licensure Examination [33] 

to 73% in the Peruvian National Licensing Medical 

Examination [30]. GPT-4 generally outperformed 

ChatGPT-3.5, with accuracy ranging from 64.4% in the 

Swiss Federal Licensing Examination for Dental 

Medicine [31] to 100% in USMLE assessments of soft 

skills [14]. These results demonstrate GPT-4’s enhanced 

ability to perform accurately across different exams and 

regions. 

Publication bias 

Visual inspection of the funnel plot indicated slight 

asymmetry (Figure 2). Egger’s regression test returned a 

significant p-value (p = 0.028), suggesting potential 

publication bias. Nevertheless, the trim-and-fill method 

did not require the addition or removal of studies, leaving 

the overall effect size unchanged. The fail-safe N, 

calculated as 310 in CMA, exceeded the threshold 

defined by 5n + 10 [51], confirming that publication bias 

is unlikely to have substantially influenced the results. 
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Figure 2. Funnel plot depicting the included studies 

 

Overall analysis 

A random-effects model was applied due to anticipated 

differences in effect sizes across studies stemming from 

variations in examination formats. Heterogeneity among 

studies was substantial (Q = 1201.303, df = 22, 

p < 0.001), with an I² value of 98.2%. The aggregated 

accuracy of ChatGPT models across all studies was 

70.1% (95% CI, 65.0–74.8%). Individual study 

contributions and the pooled estimate are visualized in 

the forest plot (Figure 3). 

 

 

 

 
Figure 3. Forest plot illustrating effect sizes using a random-effects approach 

Subgroup analyses 

Subgroup analyses under the random-effects framework 

were conducted for two categorical moderators: (1) the 

ChatGPT version (ChatGPT-3.5 vs. GPT-4) and (2) the 

discipline of the health licensing examination (medicine, 

pharmacy, dentistry, nursing), as summarized in Table 3. 

Examination of additional potential moderators was 

limited due to infrequent reporting or incomplete 

information across studies. 
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Table 3. Subgroup analysis results 

Variables Classification 
Point 

Estimate 

95% CI 

Upper 

95% CI 

Lower 
df Q p Notes 

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

 GPT-4 0.804 0.820 0.786     

Fields of health 

licensing examinations 
Pharmacyᵃ 0.715 0.762 0.663 3 15.334 0.002 

a, 

b > d 

 Medicineᵇ 0.697 0.732 0.659     

 Dentistryᶜ 0.632 0.711 0.546     

 Nursingᵈ 0.618 0.649 0.587     

By ChatGPT version 

The pooled effect size for ChatGPT-3.5 was 58.9% (95% 

CI, 56.2–61.6%), whereas GPT-4 achieved 80.4% (95% 

CI, 78.6–82.0%). This difference was statistically 

significant (Q = 177.027, p < 0.001), highlighting the 

superior performance of the more recent model. 

By examination discipline 

Average performance varied by field: pharmacy, 71.5% 

(95% CI, 66.3–76.2%); medicine, 69.7% (95% CI, 65.9–

73.2%); dentistry, 63.2% (95% CI, 54.6–71.1%); 

nursing, 61.8% (95% CI, 58.7–64.9%). The differences 

between disciplines were significant (Q = 15.334, 

p = 0.002), indicating field-specific variability in model 

performance. 

Sensitivity analysis 

Excluding studies with high risk of bias did not 

materially affect the overall estimate, which remained 

71.3% (95% CI, 66.3–75.8%), with an I² of 98.1%, 

confirming the robustness of the findings (p < 0.001) 

(Figure 4). 

 

 
Figure 4. Sensitivity analysis excluding high-risk studies 
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Overall, most included studies were of high 

methodological quality, although the main limitations 

pertained to incomplete identification of confounding 

factors and inadequate strategies to address them. To our 

knowledge, this is the first meta-analysis systematically 

evaluating the performance of ChatGPT (3.5 and GPT-4) 

across four types of national health licensing exams. 

Prior research predominantly focused on academic 

knowledge assessments rather than formal licensing 

examinations [25, 52–54], or combined educational and 

licensing contexts without distinction [17, 46, 47]. 

Furthermore, earlier studies often reported results for a 

single ChatGPT version rather than comparing multiple 

versions [17, 29, 32, 37, 39, 44]. 

Our findings clearly demonstrate that GPT-4 consistently 

outperforms ChatGPT-3.5 in accuracy across diverse 

national medical licensing exams. GPT-4 not only 

exhibits higher overall accuracy but also demonstrates 

greater reliability, suggesting its superiority as a tool for 

professional assessments. Previous research indicated 

that a model accuracy above 95% could render ChatGPT 

a dependable educational resource [55]. While it is 

uncertain if future iterations will reach this threshold, 

ongoing improvements through user feedback and deep 

learning algorithms are likely to enhance its utility in 

medical education. 

Regarding model comparisons, our analysis underscores 

GPT-4’s advantages, reflecting the impact of its 

expanded training dataset. This aligns with earlier 

findings on USMLE questions, where GPT-4 achieved 

84.7% accuracy compared to 56.9% for ChatGPT-3.5 

[56]. Similarly, in the Peruvian National Licensing 

Medical Examination, GPT-4 scored 86.1%, whereas 

ChatGPT-3.5 scored 77.2% [30]. These observations 

suggest that GPT-4’s superior performance may be 

attributed to enhanced reasoning and critical thinking 

capabilities [57]. 

The present analysis demonstrated that, within the 

context of health licensing examinations, ChatGPT 

models performed best in pharmacy, followed 

sequentially by medicine, dentistry, and nursing. These 

findings contrast with prior studies from China, which 

reported superior performance in the NNLE, with the 

NMLE and NPLE ranking lower; this discrepancy may 

stem from differences in the GPT model versions as well 

as variations in the complexity and difficulty of exam 

questions [20]. Language and cultural factors may further 

contribute to differences in performance. In line with this, 

Seghier highlighted that these AI models face challenges 

with non-English inputs, resulting in notably reduced 

accuracy for responses in other languages [58]. To 

address these limitations, expanding training datasets to 

include multiple languages is recommended, enhancing 

ChatGPT’s utility as an educational assistant for both 

students and professionals across diverse learning 

environments. Additionally, while this meta-analysis 

included studies spanning several disciplines, research on 

dentistry remains limited, with only a single study 

available; further investigation is required to strengthen 

the generalizability of these conclusions across 

educational fields. 

Another consideration is the rapid evolution of medical 

knowledge, which underscores the need for high-quality, 

up-to-date data to improve model performance. Given the 

annual introduction of new medications and updated 

clinical guidelines, ChatGPT’s knowledge—currently 

limited to data up to 2021—may not reflect the most 

recent information. Prior studies have also noted that 

ChatGPT can produce inaccurate or seemingly plausible 

but incorrect outputs, commonly referred to as 

“hallucinations” [16, 32, 38, 43]. The versions analyzed 

here, ChatGPT-3.5 and GPT-4, represent earlier and 

more recent iterations, respectively, but rapid 

advancements in AI mean that even these versions may 

soon appear limited. Research indicates that several 

limitations observed in ChatGPT-3.5, including 

hallucinations, persist in GPT-4 [57]. Future model 

development must account for these limitations while 

leveraging potential improvements, emphasizing 

continuous refinement and retraining to enhance 

reliability and practical applicability. 

Certain limitations of this study warrant attention when 

interpreting the results. First, although this systematic 

review followed rigorous PRISMA guidelines, the 

review protocol was not registered. Second, 

heterogeneity in study designs and inclusion criteria 

across countries represents a major limitation. 

Differences in exam structure, difficulty, and content 

may have influenced ChatGPT’s performance, 

complicating cross-country comparisons. Third, all 

studies included only multiple-choice questions, which 

capture a limited aspect of medical knowledge and differ 

from real-world educational scenarios; future research 

should incorporate open-ended or scenario-based 

questions to better simulate clinical reasoning. Fourth, 

despite demonstrating potential in answering licensing 

exam questions, ChatGPT models should not be solely 

relied upon for exam preparation. These LLMs can 
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produce unreliable or false outputs [59], so results must 

be corroborated against authoritative educational 

resources, particularly for high-stakes exams. Fifth, this 

review did not examine grey literature, which could 

provide additional insights and reduce publication bias. 

Finally, while the focus was on ChatGPT, other LLMs, 

such as Google Bard, Microsoft Bing Chat, and Meta 

LLaMA, are advancing rapidly. Future research should 

explore these alternative models to provide a more 

comprehensive view of AI efficacy in medical and health 

education. 

Conclusion 

This meta-analysis evaluated the performance of 

ChatGPT-3.5 and GPT-4 across four types of health 

licensing examinations. The results indicate that GPT-4 

consistently outperformed ChatGPT-3.5 in terms of 

accuracy. Additionally, the models demonstrated the 

highest proficiency in pharmacy, followed by medicine, 

dentistry, and nursing. Future studies should incorporate 

larger and more diverse question sets, as well as examine 

newer generations of AI chatbots, to gain a deeper 

understanding of their applications in health education 

and clinical practice. 
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