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Abstract

Background: Over the past two years, researchers have used various medical licensing examinations to test whether ChatGPT
possesses accurate medical knowledge. The performance of each version of ChatGPT on the medical Licensing Exam in multiple
environments showed significant differences. At this stage, there is till a lack of a comprehensive understanding of the
variability in ChatGPT's performance on different medical licensing exams.

Objective: In this study, we reviewed all studies on ChatGPT performance in medical licensing examinations up to March 2024.
This review aims to contribute to the evolving discourse on artificia intelligence (Al) in medica education by providing a
comprehensive analysis of the performance of ChatGPT in various environments. The insights gained from this systematic
review will guide educators, policymakers, and technical experts to effectively and judiciously utilize Al in medical education.

Methods: We searched the literature published between January 1, 2022, and March 29, 2024, by searching query strings in
WOS, PubMed, and Scopus. Two authors screened the literature according to the inclusion and exclusion criteria, extracted data,
and independently assessed the quality of the literature concerning Quality Assessment of Diagnostic Accuracy Studies-2. We
conducted both qualitative and quantitative analyses.

Results: A total of 45 studies on the performance of different versions of ChatGPT in medical licensing examinations were
included in this study. ChatGPT-4 achieved an overall accuracy rate of 81%, significantly surpassing ChatGPT-3.5, and, in most
cases, passed the medical examinations, outperforming the average scores of medical students. Translating the exam questions
into English improved ChatGPT-3.5's performance but did not affect ChatGPT-4. ChatGPT-3.5 showed no performance
difference between exams from English-speaking and non-English-speaking countries, but ChatGPT-4 performed better on
exams from English-speaking countries. ChatGPT-3.5 performed better on short-text questions than on long-text questions. The
difficulty of the questions and the use of optimized prompts affected the performance of ChatGPT 3.5 and ChatGPT 4. In image-
based multiple-choice questions (MCQ), ChatGPT's accuracy rate ranges from 13.1% to 100%. However, ChatGPT performed
significantly worse on open-ended questions compared to MCQs.

Conclusions: Thus, ChatGPT-4 demonstrates considerable potential for future use in medical education. However, due to its
incomplete accuracy, inconsistent performance, and the challenges posed by differing medica policies and knowledge across
countries, ChatGPT-4 is not yet suitable for use in medical education. Clinical Tria: This systematic review was registered in the
International Prospective Register of Systematic Reviews (PROSPERO) database on February 1, 2024 (CRD42024506687).
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Performance of ChatGPT Across Different Versions in Medical Licensing Examinations
Worldwide: A Systematic Review and Meta-Analysis

Abstract

Background: Over the past two years, researchers have used various medical licensing examinations
to test whether ChatGPT possesses accurate medical knowledge. The performance of each version of
ChatGPT on the medical Licensing Exam in multiple environments showed significant differences.
At this stage, there is still a lack of a comprehensive understanding of the variability in ChatGPT's
performance on different medical licensing exams.

Objective: In this study, we reviewed all studies on ChatGPT performance in medical licensing
examinations up to March 2024. This review aims to contribute to the evolving discourse on artificial
intelligence (AI) in medical education by providing a comprehensive analysis of the performance of
ChatGPT in various environments. The insights gained from this systematic review will guide
educators, policymakers, and technical experts to effectively and judiciously utilize AI in medical
education.

Methods: We searched the literature published between January 1, 2022, and March 29, 2024, by
searching query strings in WOS, PubMed, and Scopus. Two authors screened the literature according
to the inclusion and exclusion criteria, extracted data, and independently assessed the quality of the
literature concerning Quality Assessment of Diagnostic Accuracy Studies-2. We conducted both
qualitative and quantitative analyses.

Results: A total of 45 studies on the performance of different versions of ChatGPT in medical
licensing examinations were included in this study. GPT-4 achieved an overall accuracy rate of 81%
(95% CI: 78%-84%, P<.01), significantly surpassing the 58% (95% CI: 53%-63%, P<.01) accuracy
rate of GPT-3.5. GPT-4 passed the medical examinations in 26 of 29 cases and outperforming the
average scores of medical students in 13 of 17 cases. Translating the exam questions into English
improved GPT-3.5's performance but did not affect GPT-4. GPT-3.5 showed no performance
difference between exams from English-speaking and non-English-speaking countries (P=.72), but
GPT-4 performed better on exams from English-speaking countries significantly (P=.02). Any type
of prompts could significantly improve GPT-3.5’s (P=.03) and GPT-4’s (P<.01) performance. GPT-
3.5 performed better on short-text questions than on long-text questions. The difficulty of the
questions affected the performance of GPT-3.5 and GPT-4. In image-based multiple-choice questions
(MCQ), ChatGPT's accuracy rate ranges from 13.1% to 100%. ChatGPT performed significantly
worse on open-ended questions compared to MCQs.

Conclusions: GPT-4 demonstrates considerable potential for future use in medical education.
However, due to its insufficient accuracy, inconsistent performance, and the challenges posed by
differing medical policies and knowledge across countries, GPT-4 is not yet suitable for use in
medical education.

Keywords: Large Language Model, ChatGPT, Medical Licensing Examination, Medical Education
Introduction

Background

In November 2022, the online artificial intelligence (AI) chatbot ChatGPT was released to the public
and swiftly garnered global attention because of its ability to provide detailed answers to complex
queries [1]. ChatGPT has been extensively applied across various domains, including programming,
education, business, and law, with notable success in each [2-5]. Researchers have been actively
exploring the potential roles and capabilities of ChatGPT in clinical diagnosis, health care and
medical education [6,7]. The number of publications on this topic has increased dramatically since

https://preprints.jmir.org/preprint/60807 [unpublished, peer-reviewed preprint]
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late 2022 [8,9]. Specifically, in medical education, ChatGPT can play several important roles,
including, but not limited to, the following: First, compared to search engines like Google, which
present a list of relevant pages, ChatGPT aims to provide concise and practical answers to users'
questions, making it an effective knowledge resource [10, 11]. Second, in medical licensing exams
comprising multiple-choice questions (MCQ), ChatGPT can act as a "virtual teaching assistant,"
providing insights for each question, analyzing common errors, and reinforcing concepts
interactively [12]. Third, ChatGPT has the capability to analyze images. Although this feature is still
in its early stages, it offers the potential for ChatGPT to serve as a "virtual mentor," capable of
analyzing medical images such as skin rashes and X-rays [10]. Fourth, for most medical students
who find it challenging to balance studying vast amounts of information, practicing evidence-based
medicine, and fulfilling clinical duties, ChatGPT can provide concise summaries of clinical trials and
generate key practical points from them [10].

However, a prerequisite for ChatGPT's ability to help medical students in their studies and play a role
in medical education, both now and in the future, is that ChatGPT has solid and accurate knowledge
of medicine. Medical licensing examinations are a crucial part of the medical education pathway as
they assess the readiness of aspiring doctors to enter clinical practice. These exams vary in format
and content across countries but typically test medical knowledge, clinical reasoning, and ethical
decision-making [13]. Over the past two years, researchers have used medical licensing exams from
various countries to test whether ChatGPT possesses accurate medical knowledge [14-57].

Although most of these studies used similar testing methods—inputting medical licensing exam
questions into ChatGPT and recording the responses to calculate accuracy—the ChatGPT
performance showed significant variation. A study conducted in the United States revealed that GPT-
3.5 surpassed the 60% score threshold on the National Board of Medical Examiners (NBME)-Free-
Step-1 question, reaching the level of a third-year medical student [21]. However, studies from South
Korea, China, and Japan have indicated that GPT-3.5 failed to pass medical examinations in their
respective countries [26,43,44,47,48,51,54]. Although GPT-4 performed better overall than GPT-3.5
[33,36,41,44,47], it did not pass the Japanese medical licensing exam [49]. Additionally, ChatGPT
performance varies significantly across medical specialties within these examinations
[23,25,26,27,33,34,32,34,35].

At this stage, there is still a lack of a comprehensive understanding of the variability in ChatGPT's
performance on different medical licensing exams. We believe that prematurely utilizing ChatGPT
for clinical diagnosis and medical education without thoroughly evaluating its performance across
various medical licensing exams is irresponsible and could endanger human lives.

Literature Review
To the best of our knowledge, three systematic reviews have explored ChatGPT's performance in
medical licensing exams [58-60].

A study from United States collected literature up to June 2, 2023, focusing on various types of
medical licensing examinations in the United States [58]. Among the 19 included studies, only two
were comprehensive medical licensing exams United States Medical Licensing Examination
(USMLE), while the remaining 17 were medical specialty exams, such as plastic surgery, anesthesia,
and ophthalmology [58]. In contrast to this study, our research extends the literature collection to a
global scale and examines the performance of ChatGPT in medical licensing exams from different
countries and languages. We believe that the worldwide perspective of the current review is crucial
because medical education and licensure standards vary significantly across countries.

https://preprints.jmir.org/preprint/60807 [unpublished, peer-reviewed preprint]
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A study from Pakistan collected literature up to April 2023, focusing on the performance of GPT-3.5
in various medical licensing exams worldwide [59]. However, with the advent of the more advanced
GPT-4, more studies have focused on GPT-4. Our research includes all ChatGPT versions and
discusses their performance differences.

A study from China collected the literature up to July 15, 2023 [60]. This study reviewed the
performance of ChatGPT for various medical questions. Of the 60 included studies, only three were
medical licensing examinations. Additionally, this study created a framework to evaluate the quality
of studies on the performance of large language models (LLMs) in medical questions [60]. We
slightly modified this evaluation framework and applied it to our study.

Study Aims and Objectives
This study reviewed all studies on ChatGPT's performance in medical licensing exams from January
1, 2022, to March 29, 2024, to clarify the following issues:

1. Can ChatGPT pass the medical licensing exams?

2. How does ChatGPT's performance compare to that of medical students?

3. How did ChatGPT perform in different languages?

4. What is the relationship between question difficulty and ChatGPT's performance?
5. What is the relationship between question length and ChatGPT's performance?

6. How did ChatGPT perform on image-based MCQ?

7. How did ChatGPT perform on open-ended questions?

8. What is the difference in ChatGPT's performance with and without prompts?

9. Comparison of GPT-3.5’s and GPT-4’s performances.

10. How does ChatGPT perform in medical licensing exams of English-speaking countries and non-
English-speaking countries?

By comprehensively evaluating the accuracy of the medical knowledge held by ChatGPT, we
integrate these perspectives and offer comprehensive recommendations for applying ChatGPT in
medical education.

Overall, this systematic review aimed to fill the knowledge gap regarding the application of
ChatGPT in medical licensing exams. Further, it sought to contribute to the evolving discourse on Al
in medical education and facilitate future developments and applications in this field. The insights
gained from this systematic review will guide educators, policymakers, and technical experts to
effectively and judiciously utilize Al in medical education.

To the best of our knowledge, this is the first study to comprehensively review the performance of all
versions of ChatGPT on medical licensing exams across different countries.

Methods

This systematic review followed the Preferred Reporting Items for Systematic Reviews and Meta-
Analyses flow diagrams and guidance [61]. This systematic review was registered in the
International Prospective Register of Systematic Reviews (PROSPERO) database on February 1,
2024 (CRD42024506687).

Search Strategy

We searched for specific query strings (Multimedia Appendix 1) using the advanced search function
in PubMed, Web of Science, and Scopus, with Google Scholar as a supplementary source. Literature
published from January 1, 2022, to March 29, 2024, was included in the literature search. The RIS

https://preprints.jmir.org/preprint/60807 [unpublished, peer-reviewed preprint]
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files exported from these three platforms were imported into Rayyan [62]. Two authors (Mingxin Liu
and Xinyi Chang) independently screened the titles and abstracts of the retrieved studies using a
search strategy to identify those that met the inclusion and exclusion criteria (Table 1). The full texts
of these studies were then retrieved and independently assessed for eligibility by two authors. Any
disagreements regarding the eligibility of specific studies were discussed and resolved by a third
reviewer (Tsuyoshi Okuhara). In addition to the database searches, we searched Google Scholar for
triangulations on March 29, 2024. When the preprint and peer-reviewed literature data were
identical, we included the peer-reviewed literature in our analysis. As part of the screening process,
we recorded the reasons for study exclusion and presented them in a prismatic flow diagram.

Table 1. Inclusion and exclusion criteria

Inclusion criteria Exclusion criteria

1. The study tested the performance of 1. Nonnational level medical licensing
ChatGPT in medical licensing examination

examinations 2. Examinations other than

2. Any type of original research literature | comprehensive medical licensing
(peer-reviewed articles, conferences examination (e.g., medical final exams at
articles, preprints, letters, books, etc.) universities, medical questions created by
3. Literature published from 2022 to the authors themselves, medical specialty
2024 exams)

4. Literature on the performance of 3. Studies that are not related to ChatGPT
ChatGPT in all languages 4. Duplicate studies

5. Literature on any version of ChatGPT | 5. Studies that are not published in

6. Literature on MCQ), open-ended English

questions, and all other types of questions | 6. Systematic review

for medical licensing examinations

Data Extraction and Management

Two reviewers (ML and XC) independently extracted data from the included studies into an Excel
spreadsheet by two reviewers (Mingxin Liu and Xinyi Chang). The data were compared, and
inconsistencies were resolved via consensus or by a third reviewer (Tsuyoshi Okuhara). The general
characteristics to be extracted include the following: 1) title, 2) authors, 3) publication year, 4)
publication date, 5) type of publication, 6) country of the medical licensing examination, 7) name of
the medical licensing exam, 8) ChatGPT version, 9) language in which ChatGPT was tested, 10)
duration of the test, 11) type of questions, 12) counts of correct/total questions, 13) accuracy rate, 14)
did ChatGPT pass the exam, 15) comparison between medical students, and 16) was a prompt used.

Assessing the Risk of Bias in the Included Studies

Previous study developed an LLM evaluation framework based on the Quality Assessment of
Diagnostic Accuracy Studies-2 (QUADAS-2) [60,63]. We modified and applied this evaluation
framework in our study (Multimedia Appendix 2).

Since this previous study collected articles on ChatGPT's performance across all types of medical
questions [60], we modified the original framework, whereas our research focused on ChatGPT's
performance in medical licensing exams. Specifically, we added two evaluation items, Items 4 and 5,
to address aspects specific to medical licensing exams. We removed Item 8 (Are the questions
individual standalone queries or a continuous conversation requiring multiple consecutive inquiries?)
from the original evaluation framework, as it did not apply to our study.

In our modified evaluation framework, "Task Generation," "Conversation Structure," and

https://preprints.jmir.org/preprint/60807 [unpublished, peer-reviewed preprint]
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"Evaluation" correspond to "Patient Selection,” "Index Test,” and "Reference Standard" in
QUADAS-2, respectively. Items 2 and 7 correspond to "Flow and Timing" in QUADAS-2.

Evidence Synthesis
Our analysis focuses on GPT-3.5 and GPT-4.

Qualitative Analyses
We performed a comprehensive summary using narrative analysis and descriptive statistics for the
contents of the included studies that were narrative or lacked sufficient data.

Quantitative Analyses

We used the raw correct and total data in each included study to calculate the accuracy rate. The
calculation rules are as follows: if a study used one set of questions for repeated testing, the
displayed accuracy rate is the average score of all attempts and the total number of questions in the
set. If the study tested both the original language and translated English questions, the displayed
accuracy rate was based on the scores from the original language exam questions. For studies tested
with and without optimized prompts, the displayed accuracy rate was based on the scores without
optimized prompts. In studies that included multiple-choice and open-ended questions, the displayed
accuracy rate excluded scores from the open-ended questions.

We conducted a meta-analysis of studies that tested ChatGPT using MCQ questions.

The I2 statistic was used to assess the effect of heterogeneity on the pooled results. When significant
heterogeneity was present (I2 > 50%), a random effects model was used; otherwise, a fixed effects
model was used. Accuracy was reported with a 95% confidence interval (CI). The significance level
was set at p < 0.05. Meta-regression and subgroup analysis was conducted to examine the potential
sources of heterogeneity and compare performances across different subgroups. A sensitivity analysis
was conducted to assess the robustness of the meta-analysis results. Accuracy was reported with 95
% confidence intervals (CIs). The "metafor" and "meta" package in R 4.4.0 were utilized for the
meta-analysis, publication bias and sensitivity analyses.

Additionally, we conducted post hoc power analysis for random effects model results of each main
group and subgroup. G*Power 3.1.9.7 was utilized for the power analysis.

Results

Literature Screening and Selection

By searching the query strings in the WOS, Scopus, and PubMed, we retrieved 3,698 articles from
the WOS, 6,354 articles from Scopus, and 2,587 articles from PubMed. After excluding 3,751
duplicate articles, 8,888 articles remained. We excluded 278 non-English articles, leaving 8,610
articles. After obliterating 8,377 articles unrelated to the research topic, 233 remained.

A total of 137 focused on ChatGPT's performance in medical specialty exams, 11 on dental licensing
exams, Six on nursing exams, six on pharmacist exams, and 25 on other medical exams (e.g.,
university medical entrance exams, university medical final exams). Further, two were systematic
reviews, one was about non-national medical exams, and two lacked the necessary information.
These studies did not meet the inclusion criteria.

https://preprints.jmir.org/preprint/60807 [unpublished, peer-reviewed preprint]
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We then performed a supplementary search using Google Scholar and added two preprint articles on
March 29, 2024. Ultimately, 45 articles were included in this systematic review [3, 14-57]. (Figure 1)

=

é WOS (n=3698) PubMed (n=2587) Scopus (n=6354)

]

o

=]

=

o

=

—
[Duplicate studies were excluded (n=3751})
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- Studies on the performance of ChatGPT in

nonnational medical exams. (n=1)
J/
1 Studies from Google Scholar satisfied
inclusion criteria were included (n=2)
Y

Studies included (n=45)

Included

Quality Assessment of Included Studies

Two authors independently assessed the quality of the 45 studies using an evaluation framework, and
any disagreements were resolved through discussion and consensus. (Figure 2). The literature we
collected tested ChatGPT's performance using national medical licensing exams comprising MCQs
with standard answers. Consequently, Items 13, 14, 15, and 21 pertain to evaluators were not
mentioned in three-quarters of the included studies. Unlike open-ended questions, MCQs do not
require multiple evaluators to adopt a double-anonymized approach to evaluate test results.
Therefore, this does not increase the risk in the "Reference Standard" part.

For item seven, more than half of the studies did not specify the exact test dates. On November 6,
2023, OpenAl developers announced that the cutoff dates for ChatGPT versions 3.5 and 4 were
updated from September 2021 to January 2022 and April 2023, respectively [64]. We believe that if
the cutoff date of ChatGPT is updated during the testing period, this might affect the consistency of
ChatGPT's performance before and after the update.

For Item 10, more than half of the studies did not specify whether a new chat session was used to test

different questions. Conducting different questions in the same session might have affected the
ChatGPT performance.
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For reasons above, in the risk of bias assessment, only two studies and three studies were rated as
high risk in the "Index Test" and "Flow and timing" categories, respectively (Figure 3).
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General Characteristics of Included Studies

Among the 45 reviewed articles, the earliest was published on February 8, 2023 [21], and the latest
on April 30, 2024 [55]. The general characteristics of the studies are shown in Multimedia Appendix
3.

The medical licensing exams applied to test ChatGPT's performance were from 17 countries and
regions: Italy (2), Saudi Arabia (1), the United Kingdom (2), Iran (3), China (7), Peru (2), the United
States (7), Brazil (1), Spain (1), Japan (6), Taiwan (4), South Korea (1), Germany (3), Australia (2),
Turkey (1), Poland (1), and Chile (1)(Figure 4).

Of the 45 included studies, 29 tested the performance of GPT-4, and 26 tested the performance of
GPT-3.5. A total of 14 studies tested both GPT-4 and GPT-3.5. Additionally, four studies tested the
GPT-3, one tested the InstructGPT, and one tested the ChatGPT Plus.

CANADA

Regarding the countries and languages of the medical licensing exam questions used to test
ChatGPT, 11 studies used exams from an English-speaking country. Of the 34 medical licensing
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exams of non-English-speaking countries, 22 used only the native language for testing, three
translated the original language into English, and nine used both the original and translated English
questions.

All 45 studies included MCQs, with four studies including open-ended questions, 1 study including
calculation questions, and 1 study including patient history inquiry questions.

Qualitative Analyses

Regarding performance of ChatGPT on passing medical licensing exam, among the 26 studies
testing GPT-3.5, six reported that GPT-3.5 passed the medical licensing exam, and four reported
satisfactory performance, making up 38.5% of the total. In the remaining studies, one was unclear,
and 15 did not pass. Among the 29 studies testing GPT-4, 17 reported that GPT-4 passed the medical
licensing exam, and nine reported satisfactory performance, making up 89.7% of the total. In the
remaining studies, one was unclear, and two did not pass (Figure 5). For the other ChatGPT models,
among the four studies testing the GPT-3 performance, two did not pass, one was unclear, and one
showed a satisfactory performance. The studies that tested GPT-4 with Vision (GPT-4V, which is
specifically designed for image tasks), InstructGPT, and ChatGPT Plus showed the following results:
passed, did not pass, and did not pass.
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JMIR Preprints Livetd

100%
90%
80%
70% 17

60%

50%

40%

30%

20%

10%

GPT-3.5 GPT-4

Yes
B Unclear, but the article mentions ChatGPT achieved satisfactory results
B Unclear

ENo
Figure 5. Performance of ChatGPT on passing medical licensing exam

Regarding performance of ChatGPT compared with medical students, 14 of 45 studies compared
GPT-3.5's performance with medical students, and 17 of 45 compared GPT-4's performance with that
of medical students. Four studies showed that GPT-3.5 surpassed medical students, accounting for
28.6% of the studies (4/14). Thirteen studies showed that GPT-4 surpassed medical students,
accounting for 76.5% of the studies (13/17; Figure 6). For the other ChatGPT models, one study
showed that GPT-3 surpassed medical students, while another showed that it performed worse. One
study indicated that InstructGPT performed worse than the students.
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We also compared ChatGPT’s performance in original language and English-translated questions of
the same non-English medical licensing exam. In studies of medical licensing exams in non-English-
speaking countries, nine used both the original language and English-translated questions to test
ChatGPT's performance, with eight reporting comparative results (Table 2). Overall, for GPT-4,
translating the original language into English had a limited effect on improving the performance. The
accuracy improvement ranged from 0.17% to 8.65%, with six studies showing an accuracy increase
of less than 5%. However, compared with GPT-4, GPT-3.5 showed significant improvement when
tested in English in four studies. In two of these studies, GPT-3.5's accuracy was more than 20%
higher in English than in the original language.

Table 2. ChatGPT's performance in original language and English-translated question
[18,23,26,30,41,45,47,57]

Author, GPT-3.5 Accuracy Rate GPT-4 Accuracy Rate
Yea.r > Original English- Original English-
Citation language translated language translated
Number guag guag
Fang 2023 75.77% 77.31%
(18] Unisge (197/260) (201/260)
Gﬁl‘::g‘;‘(‘m 63.18% 66.48% 86.81% 87.91%
23] (115/182) (121/182) (158/182) (160/182)
Jang 2023 51.82% 60.47%
[26] Untested (unclear) (unclear)
Khorshidi Untested 81.30% 84.30%
2023 [30] (161/198) (167/198)
Rosol 2023 54.79% 60.34% 79.57% 79.74%
[41] (320.5/585) (353/585) (465.5/585) (466.5/585)
Tong 2023 Untested 81.25% 86.25%
[45] (130/160) (138/160)
Wa1[14g7?023 56% (56/100) 76% (76/100) 84% (84/100) 86% (86/100)
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Keshtkar 35.66% 61.36%

2023 [57] (394/1105) (687/1105) Untested

Two and three studies examined the correlation between GPT-3.5 or GPT-4 performance and the
length of the question text. Both studies on GPT-3.5 showed a significant correlation between
performance and the length of the question text; the longer the question text, the poorer the
performance of GPT-3.5 [33,39]. By contrast, none of the three studies on GPT-4 found a significant
difference in performance between long- and short-text questions [23,37,50].

Eight studies examined the correlation between the difficulty of the questions and ChatGPT's
performance. Seven studies indicated that both GPT-4 and GPT-3.5 performed worse on difficult
questions than easier ones [21.23,30,33,41,44,49]. Only one study showed that the difficulty of the
questions did not affect GPT-4's performance. However, in this study, the difficulty was subjectively
rated by three medical students rather than using official difficulty ratings [45].

Regarding ChatGPT's performance with and without optimized prompt, in our review of 45 articles,
13 stated that researchers provided ChatGPT with prompts before asking questions. Most of these
prompts were designed to help ChatGPT better understand its task, such as "You are now an
experienced clinician; please answer the following questions," or "You are a medical student, and we
will be using medical licensing exam questions to test you; please provide your best answers."
Researchers have not analyzed or elaborated on the impact of these task understanding prompts on
ChatGPT's performance. However, three studies used optimized prompts [19,26,35]. A Korean study
used four kinds of optimized prompts including: annotating Chinese terms in TKM, translating the
instruction and question into English, providing exam-optimized instructions, and utilizing self-
consistency in the prompt. The results showed ChatGPT's accuracy increased from 51.82% to
66.18% with optimized prompts [26]. In the other two studies, questions that ChatGPT initially
answered incorrectly without prompts were re-asked with optimized prompts such as “Are you sure?
Pretend to be a junior doctor with expertise in clinical practice and exam solving and retry” or
“Could you double-check the answer?”. ChatGPT could correctly answer up to 88.9% and 84% of
these questions, respectively [19,35]. For task understanding prompts, we conducted a subgroup
analysis and meta-regression to examine whether they affected ChatGPT's performance.

Regarding the capability of ChatGPT on answering image-based MCQS, four studies have reported
the performance of ChatGPT in image-based MCQs. Three tested GPT-4, and one compared GPT-4
and GPT-4V [16,23,38,55]. In a UK study, GPT-4 achieved an accuracy rate of 100% (3/3) for the
image-based MCQs correctly [16]. In a Spanish study, the accuracy rate of GPT-4 for image-based
MCQs in Spanish was 13%, and the accuracy rate was 26% after translating the image-based MCQs
into English, twice as high as in Spanish [23]. Japanese researchers tested GPT-4's performance on
image-based MCQs that provided both images and text and on image-based MCQs that provided
only text. The rate of correctness was 68% (73/108) when both images and text were provided and
72% (78/108) when only text was provided [38]. Researchers in Chile compared the performance of
chatgpt4 and chatgpt4v in image-based MCQs. Accuracy rates of GPT-4 and GPT-4V for image-
based MCQs were 76.7% and 70%, respectively [55].

Regarding performance of ChatGPT on questions other than MCQs, 4 studies comparing ChatGPT's
performance on open-ended questions versus MCQs. Among them, two showed that ChatGPT
performed significantly worse on open-ended questions than on MCQs [3,19], one showed slightly
better performance on open-ended questions, and another asked ChatGPT 10 short questions, all of
which received an "A" grade [28,56]. In a study using calculation questions from the Japanese
medical licensing exam, ChatGPT's performance on calculation questions was significantly worse
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than that of MCQs [24]. In a study using patient history inquiry questions from the Chinese medical
licensing exam to assess medical students' clinical skills, ChatGPT passed the test and scored higher
than the average medical student, achieving satisfactory performance [53].

Meta-analysis

We conducted a meta-analysis of the integrated accuracy of GPT-3.5 and GPT-4 in medical licensing
examinations. The accuracy we involved to meta-analysis was displayed in Multimedia Appendix 3.
25 studies reporting the accuracy of GPT-3.5 and 29 studies reporting the accuracy of GPT-4 were
included in this meta-analysis. Owing to significant heterogeneity (GPT-3.5: 12 = 95%, GPT-4: 12 =
93%), both groups were analyzed using a random-effects model.

The integrated accuracy for GPT-3.5 was 58% (95% CI: 53%-63%, P<.01), and the integrated
accuracy for GPT-4 was 81% (95% CI: 78%-84%, P<.01) (Figures 7 and 8).
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Figure 8. Performance of GPT-4 in medical licensing exam
Meta-regression and subgroup analysis

We divided studies with GPT-3.5 and GPT-4 in Figures 7 and 8 into three subgroups, respectively.

Subgroup 1 divided the studies into those using medical licensing exams from English-speaking
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countries to test ChatGPT and those using exams from non-English-speaking countries with native
language. Subgroup 2 categorized studies based on whether they used prompts to test ChatGPT or
not. In figure 11 and 12, “Yes” indicates the use of prompts, while "No" indicates the absence of
prompts. Subgroup 3 categorized studies according to the "Flow and Timing" evaluation in Figure 3,
with "Low risk" forming one category and "Unclear" and "High Risk" forming another. In figure 13
and 14, "Yes" means "Low risk," implying that ChatGPT's performance might not be affected by
testing date and source date. "No" means "High risk" and "Unclear," implying that ChatGPT's
performance might be influenced by testing date and source date. We conducted meta-regression and
subgroup analyses for all subgroups to examine potential sources of heterogeneity and compare
performances.

In subgroup analysis of subgroup 1, because of significant heterogeneity (GPT-3.5 tested in medical
licensing exams of English-speaking countries: 12 = 80%; GPT-3.5 tested in original language exams
of non-English-speaking countries: 12 = 96%; GPT-4 tested in medical licensing exams of English-
speaking countries: 12 = 69%; GPT-4 tested in original language exams of non-English-speaking
countries: 12 = 93%), all four groups were analyzed using a random-effects model.

The integrated accuracy for GPT-3.5 in exams from English-speaking countries was 57% (95% CI:
52%-62%, P<.01), and in exams from non-English-speaking countries with original languages, it
was 58% (95% CI: 52%-64%, P<.01). No statistically significant differences were observed (P=.72).
(Figure 9)

For GPT-4, the integrated accuracy in exams from English-speaking countries was 86% (95% CI:
82%—-89%, P<.01), and in exams from non-English-speaking countries with original languages, it
was 80% (95% CI: 76%—-83%, P<.01). Statistically significant differences were observed between
the results (P=.02). (Figure 10)

https://preprints.jmir.org/preprint/60807 [unpublished, peer-reviewed preprint]



JMIR Preprints
Study Events
Flores-Cohaila 2023 139
Guillen-Grima 2023 115
Haze 2023 474
Jung 2023 326
Meyer 2024 548
Oztermeli 2023 748
Roos 2023 414
Roso? 2023 321
Scaioli 2023 123
Shang 2023 340
Takagi 2023 129
Torres-Zegarra 2023 119
Wang 2023 118
Wang 2023* 282
Weng 2023 52
Yanagita 2023 102
Zong 2024 1590
Rojas 2024 3N
Keshtkar 2023 394
Gilson 2023 201
Kleinig 2023 33
Knoedler 2024 1047
Kung 2023 171
Yaneva 2024 245
Sharma 2023 68

Common effect model
Random effects model

Total

180
182
840
515
937
177
630
585
136
596
254
180
200
600
125
292
3000
540
1105

389
50
1840
350
377
119

156199

Heterogeneity: I° = 95%, 1°=02512,p <008 04 05 06 07 08 09
Test for subgroup differences (common effect): 37 =210, df =1 (p = 0.15)
Test for subgroup differences (random effects): ;gf =013,df=1(p=0.72)

Study Events
Aliindan 2023 198
Armitage 2023 20
Garabet 2023 1118
Kleinig 2023 40
Knoedler 2024 194
Lai 2023 146
Mihalache 2023 281
Fang 2023 442
Flores-Cohaila 2023 155
Gobira 2023 71
Guillen-Grima 2023 158
Haze 2023 685
Jang 2023 176
Khorshidi 2023 161
Lin 2023 1055
Meyer 2024 796
Nakao 2024 73
Roos 2023 555
Roso? 2023 466
Takagi 2023 203
Tong 2023 130
Torres-Zegarra 2023 156
Wang 2023 166
Watari 2023 96
Yanagita 2023 227
Zhu 2023 1303
Rojas 2024 428

Common effect model
Random effects model

600
180
81
182
840
340
198
1280
937
108
630
585
254
160
180
200
137
292
1800
540

11853

|

5

+

Heterogeneity: 1 = 93%, * = 0.2054, p < 0.00.5_ 06 07
Test for subgroup differences (common effect): ¢ = 56.38, df = 1 (p < 0.01)
Test for subgroup differences (random effects): ;{T =541, df=1(p=0.02)

T T
08 09

Proportion 95%-ClI

0.77 [0.70;0.83]
063 [0.56;0.70]
056 [0.53;0.60]
063 [0.59; 0.67]
058 [0.55;0.62]
064 [0.61;0.66]
066 [0.62;0.69]
055 [0.51;050]
0.90 [0.84;0.95]
057 [0.53;0.61]
051 [0.44057]
066 [0.59;073]
059 [0.52;0.66]
047 [0.43;0.51]
042 [0.33;051]
0.35 [0.29;0.41]
053 [0.51;0.55]
058 [0.53;0.62]
0.36 [0.33;0.39]

052 [0.47;0.57)
066 [0.510.79]
057 [0.55;0.59]
049 [0.44:054]
065 [0.60;0.70]
057 [0.48; 0.66]

0.55 [0.55; 0.56]
0.58 [0.53; 0.63]

Proportion 95%-Cl

0.90
1.00
0.86

[0.85; 0.94]
[
[0.
0.80 [0.66;0.90]
[
[
[

0.83; 1.00]

0.85
0.76
0.88

0.74
0.86
0.88
0.87
0.82
0.52
0.81

[0.70; 0.77]
[0.80; 0.91]
[0.78; 0.94]
[0.81:0.91]
[0.79; 0.84]
[0.46; 0.57]
[0.75; 0.86]
0.82 [0.80; 0.84]
0.85 [0.82;0.87]
068 [058,0.76]
0.88 [0.85,0.91]
0.80 [0.76;0.83]
0.80 [0.74; 0.85]
0.81 [0.74;0.87]
0.87 [081,091]
0.83 [0.77,0.88]
070 [062 078
0.78 [0.73,0.82]
0.72 [0.70,0.74]
0.79 [0.76;0.83]

0.80 [0.79; 0.81]
0.82 [0.79; 0.84]

Liuetd

Figure 10. Subgroup 1: Performance of GPT-4 on medical licensing exam from English-speaking
countries and non-English-speaking countries.

In subgroup analysis of subgroup 2, because of significant heterogeneity (GPT-3.5 in subgroup
“Yes”: 12 = 92%; GPT-3.5 in subgroup “No”: 12 = 95%; GPT-4 in subgroup “Yes”: 12 = 68%; GPT-4
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in subgroup “No”: 12 = 94%)), all four groups were analyzed using a random-effects model.
The integrated accuracy for GPT-3.5 in exams with prompt was 68% (95% CI: 57%-77%, P<.01),

and in exams without prompt, it was 54% (95% CI: 50%-59%, P<.01). Statistically significant
differences were observed between the results (P=.03). (Figure 11)
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Figure 11. Subgroup 2: Performance of GPT-3.5 with or without prompts.

The integrated accuracy for GPT-4 in exams with prompt was 85% (95% CI: 83%-88%, P<.01), and
in exams without prompt, it was 79% (95% CI: 75%-82%, P<.01). Statistically significant
differences were observed between the results (P<.01). (Figure 12)
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Figure 12. Subgroup 2: Performance of GPT-4 with or without prompts.
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In subgroup analysis of subgroup 3, because of significant heterogeneity (GPT-3.5 in subgroup
“Yes”: 12 = 96%; GPT-3.5 in subgroup “No”: I = 92%; GPT-4 in subgroup “Yes”: 12 = 71%; GPT-4
in subgroup “No”: 12 = 95%)), all four groups were analyzed using a random-effects model.

The integrated accuracy for studies in which GPT-3.5’s performance may be influenced by testing
date and source date was 55% (95% CI: 51%-60%, P<.01), and in studies in which GPT-3.5’s
performance may not be influenced, it was 62% (95% CI: 53%-71%, P<.01). No statistically
significant differences were observed (P=.19). (Figure 13)

The integrated accuracy for studies in which GPT-4’s performance may be influenced by testing date
and source date was 80% (95% CI: 75%-83%, P<.01), and in studies in which GPT-4’s performance
may not be influenced, it was 83% (95% CI: 80%-86%, P<.01). No statistically significant
differences were observed (P=.12). (Figure 14)
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Figure 13. Subgroup 3: Performance of GPT-3.5 regarding “Flow and Timing”.
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Figure 14. Subgroup 3: Performance of GPT-4 regarding “Flow and Timing”.
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Regarding the meta-regression results for all subgroups, the use of prompts is likely to be a source of
potential heterogeneity and showed a significant effect on the accuracy rates of GPT-3.5 and GPT-4
(subgroup 2), as indicated by an estimated regression coefficient of 0.54 (P=.01) and 0.46 (P=.02),
respectively. Meta-regression of subgroups 1 and 3 did not show statistically significant effects on
accuracy rates (all P>.05). (Table 3)

Table 3. Meta-regression results of three subgroups of GPT-3.5 and GPT-4.
Meta-regression

Version Estimated regression P-value
coefficient

GPT-3.5 Subgroup 1 -0.03 91
Subgroup 2 0.54 .01
Subgroup 3 0.28 19
GPT-4 Subgroup 1 -0.39 .08
Subgroup 2 0.46 .02
Subgroup 3 0.25 .18

Publication Bias

06 04 02 00
-
8

Standard Error

14 12 10 08

T T T
05 00 05 10 15 20 1 0 1 2 3 4
Logit Transformed Proportion Logit Transformed Proportion

GPT-3.5 GPT-4

No publication bias was detected among the included studies, as indicated by the funnel plots.
(Figure 15)

Sensitivity analyses

We used random effects model to assess the impact of excluding individual studies on overall effects.
The sensitivity analysis plot showed that no single study significantly affected the overall meta-
analysis results. This demonstrates the robustness of the meta-analysis results (Figure 16).

https://preprints.jmir.org/preprint/60807 [unpublished, peer-reviewed preprint]



JMIR Preprints

Power analysis

GPT-3.5

GPT+4

Study

Omiting Flores-Cohaila 2023

Omitting Gilsen 2023

Omitting Guillen-Grima 2023

Omiting Haze 2023
Dmitting Jung 2023
Omitting Kieinig 2023
Omitting Knoedler 2024
Omitting Kung 2023
Omitting Meyer 2024
Omating Oztermel 2023
Omiting Roos 2023
Omatting Roso? 2023
Omiting Scaioh 2023
Omating Shang 2023
Omitting Takagi 2023

Omitting Torres-Zegarra 2023

Omitting Wang 2023
Omitting Wang 2023*
Omitting Weng 2023
mitting Yanagita 2023
Omating Yaneva 2024
Omating Zong 2024
Omatting Rojas 2024
Omating Sharma 2023
Omitting Keshtkar 2023

Random effects model
Common effect model
Study

Omitting Aljindan 2023
Owmitting Armitage 2023

Owmitting Ebeahimian 2023

Omitting Fang 2023

JO e 0 6 e o o 0 0 o o o o e o e o

-06-04-02 0 02 04 06

Owmitting Flores- Cohaila 2023

Owmitting Garabet 2023
Omitling Gobira 2023

Omitting Guillen-Grima 2023

Omitling Haze 2023
Omitting Huang 2024
Omitting Jang 2023
Omitting Khorshidi 2023
Owmitting Kleinig 2023
Omitting Knoedler 2024
Oniitting Lai 2023
Owmitting Lin 2023
Omitting Meyer 2024

Omitting Mihalache 2023

Omitting Nakao 2024
Omitting Roos 2023
Omitting Roso? 2023
Omitting Takagi 2023
Omiitting Tong 2023

Owmitting Torres-Zegarra 2023

Omitting Wang 2023
Omittang Watari 2023
Omitting Yanagita 2023
Omitting Zhu 2023
Omitting Rojas 2024

Random effects model
Commen effect model

-0.5 o 0.5

Proportion  95%-Cl P-value Tauz Tau 12

0.57 [0.52; 0.62)
0.58 [0.53; 0.63)
0.58 [0.52; 0.63]
0.58 [0.53; 0.63]
0.58 [0.52; 0.63)
0.58 [0.52; 0.63)
0.58 [0.53; 0.63)
0.58 [0.53; 0.63)
0.58 [0.53; 0.63)
0.58 [0.52; 0.63]
0.58 [0.52; 0.63]
0.58 [0.53; 0.63)
0.56 [0.52; 0.60]
0.58 [0.53; 0.63]
0.58 [0.53; 0.63)
0.58 [0.52; 0.63)
0.58 [0.53; 0.63]
0.58 [0.53; 0.63)
0.59 [0.53; 0.63]
0.59 [0.54; 0.63]
0.58 [0.52; 0.63]
058 [0.53; 0.63)
0.58 [0.53; 0.63)
0.58 [0.53; 0.63]
0.59 [0.54; 0.63)

0.58 [0.53; 0.63]
0.5 [0.54; 0.56]

Proportion 95%=Cl1

0.81 (0.78; 0.83)
0.81 [0.78; 0.84]
0.81 [0.79; 0.84]
0.81 [0.78; 0.84]
081 [0.78; 0.84]
0.81 [0.78; 0.84]
081 [0.78; 0.84]
0.81 (0.78; 0.84]
081 (0.78; 0.84]
0.81 (0.78; 0.83]
082 (0.79; 0.84]
081 [0.78; 0.84]
0.81 (0.78; 0.84]
0.81 (0.78; 0.84)
0.81 [0.78; 0.84]
081 [0.78; 0.84]
0.81 [0.78; 0.84]
081 [0.78; 0,83
081 (0.79: 0.84]
081 [0.78; 0.83]
0.81 [0.78: 0.84]
0.81 [0.78; 0.84]
081 [0.78; 0.84]
0.81 [0.78; 0.84]
0.81 (0.78; 0.84)
081 (0.78; 0.84]
0.81 [0.78; 0.84]
0,81 [0.78: 0.84]
0.81 [0.78; 0.84]

0.81 [0.78; 0.84]
0.79 [0.78; 0.80]

0.2230 0.4722 94%
0.2622 0.51271 95%
0.2618 0.5116 95%
0.2655 0.5153 95%

. 02621 0.5119 95%
- 0.2577 0.5076 95%
- 0.2657 0.5155 95%
- 0.2585 0.5085 95%
- 0.2655 0.5153 95%

0.2679 0.5117 94%
0.2585 0.5084 94%
0.2648 0.5746 95%
0.1518 0.3B96 94%
0.2655 0.5153 95%

- 0.2611 0.5110 95%
- 0.2578 0.5077 95%
- 0.2646 0.5144 95%
- 0.2552 0.5052 95%
- 0.2449 0.4949 95%

0.2182 0.4672 94%
0.2597 0.5096 95%
0.2638 0.5136 95%

- 0.2655 0.5152 95%
- D.2642 0.5140 25%
- 0.2172 0.4660 92%

- 0.2511 0.5011 95%
- 02486 0.4986 95%

P-value Tau2 Tau 2

. D202 04485 93%
. 0.2102 0.4585 93%
. 02031 0.4507 93%
. 02136 04622 93%
. 02149 04636 93%
. 02148 04634 93%
. 02125 04610 93%
. 0.2133 0.4618 93%
. 0.2213 0.4705 93%
. 0.2098 0.4581 93%
. 0.9340 03660 90%
. 02204 04695 93%
. 02180 04670 93%
. 02176 04665 93%
. 02180 04660 93%
. 02210 04701 93%
. 0.2174 0.4663 93%
. 02083 04564 93%
. 0.2033 0.4500 93%
. 0,2072 0.4552 93%
L 0.2211 04702 93%
. 0.2206 04697 93%
. 02202 04692 93%
. 02137 04622 93%
. 0.2196 0.4686 93%
. 02078 04550 93%
. 0.2195 04685 93%
. 0.2106 0.4589 92%
. 0.2209 0.4700 93%

. 0.2116 0.4600 93%
. 0.2933 0.5416 94%

Liuetd

We conducted post hoc power analysis for the main groups and subgroups using results of random
effects model. Subgroup 1 of GPT-3.5 had a power of 0.17. In this subgroup, we believe the sample
size is adequate. The low power might be due to two main reasons. First, the inter-group difference is
minimal, with effect sizes being very close (58% and 57%). Second, the data may have high
heterogeneity (I>2 = 80% and 96%). In the main group and other subgroups, the power was 1 or close
to 1, indicates sufficient power to detect the anticipated effect size with the given sample size for the
random effects model.

Table 4. Power analysis results of main groups and subgroups.

Power analysis

Version

Group

Powe
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Main group (Integrated accuracy rate in

figure 7)

GPT-4

Main group (Integrated accuracy rate in
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Subgroup 2 1
Subgroup 3 0.98

Discussion

Principle Findings

Our systematic review and meta-analysis are the first to comprehensively evaluate the performance
of all versions of ChatGPT across various medical licensing exam environments. Overall, GPT-4
significantly outperformed GPT-3.5; however, there are still some issues that make it difficult to use
in medical education at this stage.

Regarding the accuracy of ChatGPT on MCQs, while two previous studies conducted meta-analyses
that yielded accuracy rates of 61% and 56%, respectively, we noted that these accuracy rates
reflected the performance of all versions of ChatGPT without differentiation by version [54,56]. Our
review found that GPT-4 achieved an integrated accuracy rate of 81% for MCQs in medical licensing
exams, passing nearly all tested exams and surpassing the average performance of medical students
in three-quarters of the tests. In contrast, GPT-3.5 achieved an integrated accuracy rate of 58%,
failing to pass more than half of the medical examinations and surpassing the average performance
of medical students in only 4 of 14 tests. Therefore, regarding accuracy rate, passing rate, and
comparison with medical students, GPT-4 significantly surpassed GPT-3.5.

In medical licensing exams from non-English-speaking countries, translating the original language
questions into English significantly improved GPT-3.5's performance but did not affect GPT-4's
performance. This indicates that GPT-4 has a much higher proficiency in languages other than
English than GPT-3.5. However, based on the results of subgroup analysis for comparing GPT-3.5
and GPT-4 in medical licensing exams from English-speaking and non-English-speaking countries,
we found that GPT-4 performed better in English-speaking countries. In contrast, GPT-3.5 showed
no performance difference between exams from English-speaking and non-English-speaking
countries.

Additionally, based on the results of qualitative analysis and subgroup analysis, we found that both
“optimized prompts” and “task understanding prompts” could significantly improve ChatGPT's
performance. When using prompts, the accuracy rates of GPT-3.5 and GPT-4 were 68% and 85%
respectively, which were significantly higher than the accuracy rates of 54% and 79% without
prompts.

The testing date and source date of each study were not sources of potential heterogeneity and did
not significantly affect the performance of ChatGPT.

Challenge of Utilizing ChatGPT in Medical Education

First, although the AI hallucinations of GPT-4 have significantly been reduced compared to earlier
versions, GPT-4 still generates incorrect information because the data used to train these models are
not always correct [65]. We observed that in all tests of GPT-4, only two instances achieved an
accuracy rate above 90%. The only example of a perfect accuracy rate was in UK study, in which
GPT-4 correctly answered all 20 questions [16]. However, the number of questions used in this test
was significantly lower than those used in other studies. We believe that this demonstrates ChatGPT's
potential for future use in medical education but does not imply that medical students can rely on
ChatGPT to acquire medical knowledge or prepare for exams. Traditional sources of medical
knowledge, such as medical school courses and textbooks, are completely reliable. However, because
most professional medical knowledge exists in book form [50], and medical expertise on the Internet
is not always reliable [66], the medical knowledge that ChatGPT currently holds is not entirely
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accurate. In this context, if medical students rely on ChatGPT as a trusted source of expertise and
acquire incorrect medical knowledge, the reliability of their knowledge and skills is significantly
compromised. This is unacceptable in the medical field, as it directly impacts human lives.
Therefore, GPT-4 passing medical licensing exams does not imply that it can be used as a source of
knowledge in medical education.

Previous studies have noted that the responses generated by GPT-3.5 are nondeterministic and
random [67-69]. Our study found that although the stability of GPT-4 has significantly improved
compared to that of GPT-3.5, it still exhibits a degree of randomness in its outputs. Although GPT-4
achieved an overall accuracy of 81% across all tests, it only scored 52% on the Korean medical
licensing exam, even lower than the overall accuracy of GPT-3.5 (58%) [25]. Additionally, in four
studies using Japanese medical licensing exam questions, although GPT-4 passed three of the tests, it
only achieved an accuracy of 67% in one and did not pass [23,38,44,51]. Furthermore, the use of
optimized prompts and the difficulty of the questions can affect ChatGPT's performance stability. If
millions of medical students use ChatGPT for learning, this randomness could be significantly
magnified and affect their learning outcomes.

Moreover, different countries' medical policies, cultural, ethics, and unique local traditional medical
knowledge pose significant challenges for ChatGPT [70]. Regarding varying medical policies and
ethics, a Chinese study mentioned that abortion is prohibited in the United States but allowed in
certain circumstances in China [48]. Although euthanasia is legal in many countries, it is illegal in
Japan; ChatGPT chose the option of euthanasia in the Japanese medical licensing exam [25].
ChatGPT may struggle to adapt to localized medical policies and ethics. Additionally, East Asian
countries still use local traditional medicine (e.g., Chinese medicine), and most local traditional
medicine learning materials are written in the native languages. These materials might not be
accessible on the Internet and included in ChatGPT's training dataset, making it difficult for
ChatGPT to provide accurate answers to such topics [18,26,50,54].

In the evaluation of image-based questions, we observed significant variations in the performance of
GPT-4, with accuracy rates ranging from 13% to 100% [16, 23, 38, 55]. However, there were only
three questions in which GPT-4 achieved 100% accuracy, which is too small a sample size to
demonstrate its proficiency in handling image-based questions [16]. In addition, a study from Japan
tested the performance of ChatGPT when provided with images and text versus text only.
Surprisingly, ChatGPT performed better when given only text than when provided with both images
and text [38]. Similarly, Chile found that GPT-4V, designed explicitly for image tasks, performed
worse on image-based questions than GPT-4 [55]. We believe that studies testing the ChatGPT
performance on image-based questions are limited at this stage. Therefore, comprehensive and
reliable conclusions cannot be drawn. Consequently, using ChatGPT for image-based medical
education is extremely risky.

Finally, human teachers usually recognize their knowledge limitations when faced with uncertain
questions and correct their mistakes by consulting resources. However, the fatal issue with ChatGPT
is that owing to the nature of AI language models, it can provide detailed and logically sound
explanations for incorrect answers [24, 40, 44]. Given ChatGPT's authoritative writing style, students
are likely to believe and memorize the incorrect information provided by ChatGPT [71].

Limitation

This systematic review did not include studies on the performance of ChatGPT in various medical
specialty examinations, dental licensing examinations, pharmacy examinations, and other medical-
related assessments. Future studies should review the performance of ChatGPT in these specific
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medical fields.

Studies published in languages other than English were excluded from the systematic review. This
may omit the literature that tests the performance of ChatGPT on non-English-speaking medical
licensing exams.

Conclusion

A total of 45 studies on the performance of different versions of ChatGPT in medical licensing
examinations were included in this systematic review. GPT-4 achieved an overall accuracy rate of
81%, significantly surpassing GPT-3.5, and, in most cases, passed the medical examinations,
outperforming the average scores of medical students. Thus, GPT-4 demonstrates considerable
potential for future use in medical education. However, because the knowledge of ChatGPT is not
entirely accurate and its performance can be inconsistent, and because of the challenges posed by
differing medical policies and knowledge across countries, we believe that GPT-4 is not yet suitable
for use in medical education.
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Performance of ChatGPT-3.5 in medical licensing exam.
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Performance of ChatGPT-4 in medical licensing exam.
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Armitage 2023 20 20 ii ————1 1.00 [0.83; 1.00]
Ebrahimian 2023 137 200 —— 0.68 [0.62;0.75]
Fang 2023 442 600 - i 0.74 [0.70;0.77]
Flores-Cohaila 2023 155 180 r—— 0.86 [0.80;0.91]
Garabet 2023 1118 1300 i; 0.86 [0.84;0.88]
Gobira 2023 n o w — 0.88 [0.78;0.94]
Guillen-Grima 2023 158 182 R 0.87 [0.81;0.91]
Haze 2023 685 840 - 0.82 [0.79; 0.84]
Huang 2024 525 600 e 0.88 [0.85;0.90]
Jang 2023 176 340 — 88— b 0.52 [0.46;0.57)
Khorshidi 2023 161 198 —. 0.81 [0.75; 0.86]
Kleinig 2023 40 50 -~ 0.80 [0.66:0.90]
Knoedler 2024 194 229 -!-'-I:- 085 [0.79;0.89]
Lai 2023 146 191 — 0.76 [0.70;0.82]
Lin 2023 1055 1280 = 0.82 [0.80;0.84]
Meyer 2024 796 937 il 0.85 [0.82; 0.87]
Mihalache 2023 281 319 i - 0.88 [0.84;0901]
Nakao 2024 73 108 — i 068 [0.58;0.76]
Roos 2023 555 630 . 0.88 [0.85;091]
Roso? 2023 466 585 3 0.80 [0.76;0.83]
Takagi 2023 203 254 —a 0.80 [0.74;0.85]
Tong 2023 130 160 + 0.81 [0.74;087]
Tormes-Zegarra 2023 156 180 - 0.87 [0.81;0.91]
Wang 2023 166 200 i 0.83 [0.77,0.88]
Watan 2023 96 137 —— | 0.70 [0.62;0.78]
Yanagita 2023 297 200 —i 0.78 [0.73; 0.82]
Zhu 2023 1303 1800 - 0.72 [0.70;0.74]
Rojas 2024 428 540 _'.'" 0.79 [0.76;0.83]
Common effect model 12653 ¥ 0.80 [0.80; 0.81]
Random effects model *-:-} 0.81 [0.78; 0.84]

Heterogeneity: |~ = 93%_ 1° = 0.2150, p < 0.01 ' |
05 06 07 08 09 1
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Subgroup 1: Performance of GPT-3.5 on medical licensing exam from English-speaking countries and non-English-speaking
countries.

Study Events Total Proportion 95%-CI
subgroup1 = non-English :

Flores-Cohaila 2023 139 180 . - 077 [0.70;083)
Guillen-Grima 2023 115 182 L 063 [0.56;0.70]
Haze 2023 474 840 - 0.56 [0.53; 0.60]
Jung 2023 326 515 m 0.63 [0.59; 0.67]
Meyer 2024 48 937 1 0.58 [0.55;0.62]
Oztermeli 2023 748 1177 . . 0.64 [0.61;0.66]
Roos 2023 414 630 Vi o 066 [0.62;069]
Roso? 2023 321 585 T 0.556 [0.51;0.549]
Scaiol 2023 123 136 ¥ —- 0.90 [D.84;0.95]
Shang 2023 30 596 - 0.57 [0.53; 0.61]
Takagi 2023 120 254 —-'-r 0.51 [0.44; 0.57]
Torres-Zegamra 2023 119 180 Vi— 0.66 [0.59;0.73]
Wang 2023 118 200 —. 0.59 [0.52; 0.66]
Wang 2023" 282 600 - i 0.47 [0.43:0.51]
Weng 2023 a2 125 —u— | 0.42 [0.33;051]
Yanagita 2023 102 292 =— : 0.35 [0.29;0.41]
fong 2024 1590 3000 ! : 0.53 [0.51;0.55]
Raojas 2024 311 540 - 0.58 [0.53;0.62]
Keshtkar 2023 394 1105 = : 036 [0.33;0.39]
Common effect model 12074 1’ 0.55 [0.54: 0.56]
Random effects model ‘=?‘-..""‘-r- 0.58 [0.52; 0.64]
supgroup1 = Englisn E

Gilson 2023 201 389 — 0.52 [0.47,0.57]
Kleinig 2023 33 50 —5—|— 066 [0.51;0.79]
Knoedler 2024 1047 1840 '-'- 0.57 [0.55;0.59]
Kung 2023 171 350 - 0.49 [0.44; 0.54]
Yaneva 2024 245 377 = 0.65 [0.60;0.70]
Sharma 2023 68 119 —. 0.57 [0.48; 0.66]
Common effect model 31256 f.‘-‘a 0.56 [0.55; 0.58]
Random effects model - 0.5T7 [0.52; 0.62]
Common effect model 15199 '3 0.55 [0.55; 0.56]
Random effects model AR -:i‘f- i 0.58 [0.53; 0.63]
Heterogeneity: I° = 95%, +*=02512, p <008 04 05 06 07 08 09

Test for subgroup differences (common effect) ;.;E =210, df=1(p=015)

Test for subgroup differences (random effects). 3 =013, df =1 {p = 0.72)
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Subgroup 1: Performance of GPT-4 on medical licensing exam from English-speaking countries and non-English-speaking

countries.
Study Events Total Proportion 895%-CI
subgroup1 = English H
Aljindan 2023 198 220 v —- 0.90 [0.85 094]
Armitage 2023 20 20 T —— 1.00 [0.83; 1.00]
Garabet 2023 1118 1300 R 0.86 [0.84;088]
Kleginig 2023 40 S0 - 0.80 [0.66;0.90]
Knoedler 2024 194 229 "—'— 085 [0.79, 089
Lai 2023 146 191 — 0.76 [0.70;0.82]
Mihalache 2023 281 319 i TR 0.88 [0.84;0.81)
Common effect model 2329 : o 0.B6 [0.84; 0.BT]
Random effects mode sy 0.86 [0.82; 0.89]
subgroup1 = non-English :
Fang 2023 442 600D - E 074 [0.70,0.77]
Flores-Cohaila 2023 155 180 e 0.86 [0.80,091]
Gobira 2023 71 81 ——— 0.88 [0.78;0.54)]
Guilen-Gnma 2023 158 182 :'—'— 087 [0.81,001]
Haze 2023 685 B840 . 082 [0.79;084]
Jang 2023 176 340 —&— i 052 [0.46,057]
Khorshidi 2023 161 188 e 0.81 [0.75;0.86]
Lin 2023 1055 1280 h D82 [0.80,0.84)
Meyer 2024 795 937 E 0.85 [0.82;087]
Makao 2024 73 108 —— i 0.68 [0.58;0.78)
Roos 2023 550 630 e 0.88 [0.85091]
Roso? 2023 466 585 —'@ 0.80 [0.76;0.83)
Takagi 2023 203 254 —. 0.80 [0.74,085)
Tong 2023 130 160 - 0.81 [0.74;087]
Torres-Zegarra 2023 156 180 T 087 [0.81,0.81)
Wang 2023 166 200 —:r"'— 083 [0.77;0.88)
Waltan 2023 oG 137 — 070 (062, 0.78)
Yanagita 2023 227 202 L 078 [0.73 082
Zhu 2023 1303 1800 - 072 [0.70;0.74]
Rojas 2024 428 540 - 0.79 [0.76,083]
Common effect model 9524 o 0.79 [0.78; 0.80]
Random affects moda ‘f*' 0.80 [0,/6; 0.83]
Common effect model 118563 LE 0.80 [0.79; 0.81]
Random effects model | : : *Ii} : | 0.82 [0.79; 0.84)
Heterogeneity: I* = 83%, t° = 0.2054, p=<0005 06 07 08 09 1
Test for subgroup differences (common effecty 1° = 56.38, df = 1 {p < 0.01)
Test for subgroup differences (random effectsy x7 =541, df =1 (p = 0.02)
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Subgroup 2: Performance of GPT-3.5 with or without prompts.

Study Events Total Proportion 95%-ClI
subgroup? = Yes '

Flores-Cohaila 2023 139 180 ; - 077 [0.70;083)
Gilson 2023 201 389 —.- 052 [0.47;057)
Guillen-Grima 2023 115 182 ‘BN 063 [0.56;0.70]
Scaiol 2023 123 136 — 0.90 [0.84;095]
Torres-Zegarra 2023 119 180 . 066 [0.59;0.73]
Wang 2023 118 200 —-—'— 0.59 [D.52;0.66]
Rogas 2024 311 540 - 058 [0.53;062]
Common effect model 1807 e 0.62 [0.60; 0.65]
Random effects modeal E""-_-—-._.__:" 0.68 [0.57; 0.77]
subgroupZ = No E

Haze 2023 474 840 - 0.56 [0.53;0.60]
Jung 2023 326 515 q i~ 063 [0.59; 0.67]
Kleinig 2023 33 a0 B 066 [0.51,079)
Knoedler 2024 1047 1840 " 0.57 [0.55;0.59]
Kung 2023 171 350 — ) 049 [0.44; 0.54]
Meyer 2024 548 937 . 058 [0.55;0862]
Oztermeli 2023 748 1177 | 0.64 [0.61, 0.66]
Roos 2023 414 630 1 066 [D62; 069
Roso? 2023 321 585 - 0.55 [0.51;059)
ahang 2023 0 596 3. 0.57 [0.53;0861]
Takagi 2023 120 254 — 051 [0.44; 0.57]
Wang 2023* 282 600 N 047 [0.43;051]
Weng 2023 52 125 —.— ! 042 [0.33;051]
Yanagita 2023 102 292 % 035 [0.29;0.41]
Yaneva 2024 245 317 - 0.65 [0.60;0.70]
Zong 2024 1590 3000 = 0.53 [0.51;0.55]
Shama 2023 68 119 + 0.57 [0.48; 0.66)
Keshtkar 2023 394 1105 = 0.36 [0.33;0.39]
Common effect model 13392 g 0.54 [0.54; 0.55]
Handom effects model ":.'::"‘ 0.54 [0.50; 0.559]
Common effect model 15199 6 0.55 [0.55; 0.56]
Random effects model et {‘? —— 0.58 [0.53; 0.63]
Heterogeneity: /° = 95%, ©* = 02512, p <008 04 05 06 07 08 09

Test for subgroup differences (commeon effect) ;.;’ =4018 df =1 (p =0.01)

Test for subgroup differences (random effects): x, = 4.84, df = 1 (p = 0.03)
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Subgroup 2: Performance of GPT-4 with or without prompts.

Liuetal

Study Events Total
subgroup? = Yes i
Almdan 2023 198 220 o
Armmitage 2023 20 20 i—
Flores-Cohaila 2023 155 180 1:"—'—
Guillen-Grima 2023 158 182 —
Huang 2024 325 600 i -
Lin 2023 1055 1280 -
Tomres-Zegama 2023 156 180 i—'—
Wang 2023 166 200 —
Rojas 2024 428 540 —"-"
Common effect mode 3402 i'ﬂ
Random effects model 1

I
subgroup2 = No i
Ebrahimian 2023 137 200 - i
Fang 2023 442 600 |
Garabet 2023 1118 1300 i =
otira 2023 | a1 s
Haze 2023 685 840 .
Jang 2023 176 0 —— i
Kharshidi 2023 161 198 — .
Kleinig 2023 40 S0 |
Knoedkar 2024 194 229 'i"-'-—
Lai 2023 146 191 —t
Meyer 2024 796 937 !*
Mihalache 2023 281 319 : —
Makao 2024 73 108 —— i
Roos 2023 205 630 F
Roso? 2023 466 585 3
Takagi 2023 203 254 T
Tong 2023 130 160 _—w
Watari 2023 96 137 ——
Yanagita 2023 2T 292 —-"i"'
Zhu 2023 1303 1800 L :
Common effect mode 8251 i
Random effects modeal ?

|
Common effect model 12653 &
Random effects model | | | "'Iﬂ?' | |
Heterogeneity: /° = 93% «*=02150,p <0005 06 07 08 09 1
Test for subgroup differences (commaon effect): 1: = 4204, df = 1 {p < 0.01)
Test for subgroup differences (random effects) 3, = B.5T, df =1 {p < 0.01)

Proportion  95%-Cl

0.90 [0.85;0.94)
1.00 [0.83; 1.00]
0.86 [0.80;0.91]
0.57 [0.81.0.91]
0.88 [0.85;0.90]
0.82 [0.80; 0.84]
087 [0.81:0.91)
083 [0.77,0.88)
0.79 [0.76; 0.83]
0.84 [0.83: 0.85]
0.85 [0.83: 0.88]

068 [062;0.75)
0.74 [0.70;0.77)
086 [084; 088
0.88 [0.78:0.94]
082 [0.79 0.84]
052 [046 057
0.81 [0.75; 0.86]
0.80 [0.66;0.90]
0.85 [0.79; 0.89]
0.76 [0.70; 0.82)
0.85 [0.82; 0.87]
088 [0.84:0.91)
068 058 0.76]
0.88 [0.85,0.91]
080 [0.76 083
0.80 [0.74:0.85]
081 [0.74;0.57]
0.70 [0.62;0.78]
0.78 [0.73; 0.82)
0.72 [0.70; 0.74)
0.79 [0.78; 0.80]
0.79 [0.75: 0.82]

0.80 [0.80; 0.81]
0.81 [0.78; 0.84]
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Subgroup 3: Performance of GPT-3.5 regarding “Flow and Timing”.

Study Events Total Proportion 85%-ClI
subgroup3 = Yes i

Flores-Cohaila 2023 139 180 : : — 0.77 [0.70; 0.83]
Gilson 2023 201 389 T 052 [04T, 0.57]
Kleinig 2023 33 a0 —""—'_ 066 [0.51,079)
Roso? 2023 321 585 L 0.55 [0.51;0.549]
Scaiol 2023 123 136 | — 090 [0.84; 095]
Shang 2023 340 596 - 0.57 [0.53;061]
Takagi 2023 120 254 . 0.51 [0.44;0.57]
Tomres-Zegarra 2023 119 180 | 066 [0.59 073)
Wang 2023 118 200 —i""— 0.59 [0.52; 0.66]
Yaneva 2024 245 3T e = 0.65 [0.60;0.70]
Keshitkar 2023 394 1105 =+ : 036 [0.33;0.39]
Common effect mode 4052 1 0.53 [0.52:0.55]
Random effects model 'F:Efﬂ" 0.62 [0.63; 0.71]
subgroupd =No i

Guillen-Grima 2023 115 182 e 063 [0.56, 0.70]
Haze 2023 474 840 - 0.56 [0.53;060]
Jung 2023 326 515 e o 063 [0.59; 0.867)
Knoedler 2024 1047 1840 - 0.57 [0.55;0.59]
Kung 2023 171 3560 —'—: : 0.49 [0.44; 0.54]
Mevyer 2024 548 937 L 0.58 [0.55, 0.62]
Oztermel 2023 748 1177 i : - 0.64 [061;066]
Roos 2023 414 630 e _» 066 [062 069]
Wang 2023" 282 600 - | 0.47 [0.43, 0.51]
Weng 2023 52 125 —u— : 0.42 [0.33;051]
Yanagita 2023 102 202 —— | 0.35 [0.29; 0.41]
Zong 2024 1590 3000 o 053 [0.51, 0.55]
Rojas 2024 311 540 -'r'— 0.58 [0.53;062]
Sharma 2023 68 119 — 0.57 [0.48, 0.66]
Common effect modal 11147 B: 0.56 [0.55:; 0.57]
Random effects model "-';t-“?' U539 [0.57; 0.b0]
Common effect model 15199 b 0.55 [0.55; 0.56]
Random effects model | | : {L‘Ih | | | 0.58 [0.63; 0.63]
Heterogeneity: I° = 85%, ° = 02512, p <008 04 05 06 07 08 09

Test for subgroup differences [common effect): ‘,r_; =873, df =1 (p=0.01})

Test for subgroup differences (random effects). x7 = 1.75, df =1 (p = 0.19)
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Subgroup 3: Performance of GPT-4 regarding “Flow and Timing”.

Study Events Total Proportion 895%.-Cl
subgroup3 = Yes i

Aljimdan 2023 198 220 T 080 085, 0.94)
Ammitage 2023 20 20 — 1.00 [0.83; 1.00]
Flores-Cohaila 2023 155 180 1:"—-'-— 086 [0.80;0.91)
Khorshidi 2023 161 198 —_ 0.81 [0.75; 0.86]
Lin 2023 1055 1280 !"‘ 082 [0.80;0.84)
Mihalache 2023 281 319 : —a 088 [0.84; 0.491)
Roso? 2023 466 585 - 080 [0.76, 083
Takagi 2023 203 254 — 080 074, 0.85]
Tong 2023 130 160 — - 081 [0.74,087)
Torres-Zegama 2023 156 180 i_"'— 087 [0.81,091]
Wamg 2023 166 200 = 0.83 [0.77,0.88]
Watari 2023 96 137 — i 070 [062; 0.78)
LCommon effect mode Jrdd Eﬂ 083 [0.817 D.B4]
Random effects model I“'-'-::‘ 0.83 [0.80; D.BE]
subgroup3 = No i

Ebrahimian 2023 137 200 —a— E 0.68 [D62,0.75]
Fang 2023 442 600 - i 074 070, 0.77]
Garabet 2023 1118 1300 i = 0.86 [D.84;0.88]
Zobira 2023 T &1 = 088 [0.78; 0.94)
Guillen-Grima 2023 158 182 : 087 [0.81;041)
Haze 2023 685 B840 -~ 082 [0.79;084)
Huang 2024 525 600 I s 3 088 [085; 0.90)
Jang 2023 176 340 —&— 052 [0.46,057)
Kleinig 2023 40 50 —— 080 [066,0.90]
Knoeder 2024 194 229 +i— 0.85 [0.79;0.89]
Lai 2023 146 191 —.-i"' 076 [0.70;0.82)
Meyer 2024 T96 937 k| 0.85 [D.82;087]
Makao 2024 T3 108 — ! 068 [0.58; 0.786)
Roos 2023 555 630 : - 088 [085; 0491)
Yanagita 2023 21 292 — 0.78 [0.73,082)
Zhu 2023 1302 1800 - } 072 070, 0.74]
Rojas 2024 428 540 —- 0.79 [0.76; 083
Common effect mode 2920 "J'i 0.79 [0.7&; 0.80]
Random effects model -'i:;? 0.80 [0.75; 0.83]
Common efect model 12663 ¥ 0.80 [0.80; 0.81]
Random effects model | : “F‘* : | 0.81 [0.78; 0.84]
Heterogeneity: IF=93%, v =02150,p <0005 06 07 08 09 1

Test for subgrowp differences (common effect): 12 =18.07 of =1 (p = 0.01)

Test for subgroup differences (random effects). |, = 2.36 df =1 (p = 0.12)
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Funnel plot of included studies reported GPT-3.5 and GPT-4 performance.
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Sensitivity analyses result of performance of GPT-3.5 and GPT-4.

Liuetal

GPI-3.5

GPT-4

Proportion  B%-Cl P-vale Teud Teu 12

Proporiion  95%-Cl P-value Tou? Tau 12

Saudy
Cmatting Flores- Cohaita 7073 - 057 j0.52; 0.62)
Omittirg Gabson 2023 - 058 [0.53; 0uad)
Dmntirg Gasilon-Grima 2023 - 058 |0.52; 0uB3)
Cmitting Maze 7023 —_ 058 0.53; 03]
Ométing Jung 2023 - 0S8 052 0.63)
Owmitirg Kleireg 2003 - 058 [0.52; 0ue3)
Cmitting Knooolor F0E4 —_ 058 |0.53; D.63)
Dmitting Kung 203 = osa [0.83; 063
Chmatirg Mty JO - 058 [0.53; D63
Dmatieng Ooisrresli 2073 - 058 [0.52; 03
Camitting Roos 7073 - 058 j0.52; 0u63)
Owmiltirg R ™ J0EY - 058 [0.53; Duea)
Dmaliting Scneoll 2023 - 056 |0.52; uBDj
Omitting Sharg 2073 - 048 [0.53; Dusa)
Omiting Takagi 203 - nsa [0.83; 063
Owmitirg Torers - Tegara 2023 - 058 [0.52; 0u63)
Omitting ‘Wang 2023 - 058 |0.53; DuE3)
Omitting 'Wang 2021° - 058 [0.53; usd)
Dmalnting 'Weng 2023 - 059 |0.53; 0.63)
Ominting Yaragiln 2023 = 058 |0.54; DuB3)
Chmitling Yaresa 2024 - 058 |j0.52; 0.63)
Owmaning Tong 2024 - 058 1053 0.63)
Dwnaltting Royas 2024 - 058 |0.53; B3]
Omiting Sharma 2021 - 058 [0.53; 0uad)
Omittirg Keshthar 2023 e 059 [0.54; 0uEd)
Random effects madel f=4 058 [0.53; 063
Common eflect model J N, .55 [0.54; 0.56]
-0E-04-07 0 0.7 04 OB
Sludy
Derullang) Adpndan 2023 g a0 TE: 0uR3)
A 2023 BT J0.TH: DLB4]
mﬂ-ﬁg Eunnmm Mz - | 0BT j0.74; 0.84]
Oeritting Fang 2023 a o JuTE: DuB4)
Dmitting Flones- Cohada 2023 | +] OB 0. TH: DuB4)
Owutting Garabel 2023 B 0Ll 0.7 0.B4)
Ownilling Gobira 7023 [+ ] 0BT 0. 78; 0.84]
Oruttang Cusilbiry - Grond JOFS =] a0 TH: DuB4)
Dwmsttang Haze 2023 [+ 0BT j0.78: 0.B4]
eratting Huang 2004 =] B J0.78: 0.83)
Ditiang Mg J0F3 = LAZ 0T DuB4)
Deratling Ko shich 2033 = BN j0.TH: D.A4]
Ceruiting Hlesnig 2023 B2 0L j0.TH; 0.B4)
Oerutling Knoedier 2024 =] a0 TE:; DuB4)
Ditting Lai 2073 = LAY J0.TH: DuB4)
Oerutting Lin 2023 B 0L J0.TH; OuB4)
Comstting Misyer 2024 o BB J0.7H; 0.84)
Derullang bl act 2023 =] a0 TH: DuB3)
Cwniiting Nakao 2024 =] 0B j0.79; 0.B4]
Oerilting Roos 2023 B o j0.TE; 0usd)
Dwrstiang Hoso? 2023 [ =] AN 0. TH: DuB4)
Dwnitting Takiagi 2023 = AN 0. TH: DuB4)
Owmutting Tong 2023 [+ 0L j0.TH; 0.B4)
Oeratting Torres- Tegarra 2023 [ =] R
Cemstting Wang 073 B BT J0.7H: 0B4)
Crrutiing Watari 2023 - ] O 0.TH; DuB4)
Cxatling Yanagita 7023 o BB J0.7R: 0.84)
Deratlang £Fia JOES =] AN 0. TH: DuB4)
Cenitiing Rnjas 7024 B BT 0. 78; 0.84]
Random afiects model L OB |0.78; LuBd]
Comman sfect modsl ﬂ' i ﬂl ID.I! 0TS (OTE; Dbl

. DLFFI 04722 3N
. DR 05120 8%
. LIEYE 0.5116 %
. DLAESE 05153 95%
. DLFEEY 0.5119 95%

GESTT D.5076 Bi%
. DLIEST 0.5155 5%
. DLFEEE 05085 9i%

OEES 0.5153 %

QLGS 05117 %
. DLFSES 0.5084 3%
. DurGAE 0.5746 Bi%
- SNE 03896 SN
. LGS 0.8153 94%
. BT 05110 9%
. DLESTE 0.5077 %
. DLEdE 0.5744 5%
. DLEEER 0.5052 &%
. D3R 04945 BN
- DLFNEE D.AGTT R
. DLFSST 0.5096 5%
. DGR 0.5136 Rk
. LRSS 05152 95%
. DR 05040 3%
. DETE D650 Sk

. BLES1 0.5071 BE%
- 02488 D498 RIW

 DFONE 04485 ST
R0 04585 BTN
. DI DAsDT S
DT 04622 AR
. BLIN48 04636 ATR
. D148 04634 BT
. BZNES DAGND %
BEVED 04618 B
. DLIENI 04705 SN
. DUrOaR 04580 BT
o RO 03660 SR
. DLERH 04685 BTN
. DZNE0 06D SN
. DETTE 04065 %
. DLINED 04665 TN
L DEND 04N BT
LB DAGET 9T
o DLIGET 04564 TR
. DL30E3 04509 SN
. DEOTE 04552 AF%
DI 04SSR
. DLFIOE 04687 2%
. DENR D.AEEE 9%
DEET 04622 BTN
. DLFTSE 04686 RN
. DROTE 04550 BTN
. D195 04683 3T
D06 04589 R
. DN D.AT0D S0

. BLITVE 04600 ST%
- DEREY DSE %
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Multimedia Appendixes
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