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Abstract Background/purpose: ChatGPT has been utilized in medical and dental education, 

but its performance is potentially influenced by factors like language, question types, and con

tent complexity. This study aimed to assess how English translation and question types affect 

ChatGPT-4o’s accuracy in answering English-translated oral pathology (OP) multiple choice 

questions (MCQs).

Materials and methods: A total of 280 OP MCQs were collected from Taiwan National Dental 

Licensing Examinations and English-translated as a testing set for ChatGPT-4o. The mean over

all accuracy rates (ARs) for English-translated and non-translated MCQs were compared by the 

dependent t-test. The difference in ARs between English-translated and non-translated OP 

MCQs within each of three question types (image-based, case-based, and odd-one-out ques

tions) was assessed by chi-square test. The binary logistic regression was used to determine 

which type of question was more likely to be answered incorrectly.

Results: ChatGPT-4o showed significantly higher mean overall AR (93.2 � 5.7 %) for English- 
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translated MCQs than for non-translated MCQs (88.6 � 6.5 %, P < 0.001). There were no signif

icant differences in the ARs between English-translated and non-translated MCQs within each 

question type. The binary logistic regression revealed that, within the English-translated con

dition, image-based questions were significantly more likely to be answered incorrectly (odds 

ratio � 9.085, P � 0.001).

Conclusion: Translation of exam questions into English significantly improved ChatGPT-4o’s 

overall performance. Error pattern analysis confirmed that image-based questions were more 

likely to result in incorrect answers, reflecting the model’s current limitations in visual 

reasoning. Nevertheless, ChatGPT-4o still demonstrated its strong potential as an educational 

support tool.

© 2025 Association for Dental Sciences of the Republic of China. Publishing services by Elsevier 

B.V. This is an open access article under the CC BY-NC-ND license (http://creativecommons. 

org/licenses/by-nc-nd/4.0/). 

Introduction

Artificial intelligence (AI) has received increasing attention 

over the past decade, with natural language processing 

(NLP) emerging as one of its most prominent applications. 

NLP enables computers to understand, interpret, and 

generate human language.1,2 Among these advancements, 

generative pre-trained transformers (GPT), developed by 

OpenAI in 2018, is a large language model (LLM), which is 

pre-trained with a vast collection of texts including books, 

articles, and website texts and subsequently fine-tuned to 

specialize in specific conversational tasks.3

ChatGPT-4 (OpenAI Global, San Francisco, CA, USA), 

released in 2023, and based on the earlier ChatGPT-3.5 

model, rapidly gained global recognition for its impressive 

capabilities of language comprehension and generation 

within a conversational format. In May 2024, OpenAI 

released ChatGPT-4o (“o" standing for “omni”; OpenAI 

Global, San Francisco, CA, USA), introducing an improve

ment by enabling processing text, voice, and image inputs 

in real time.1,3 This multimodal capability permits more 

natural and dynamic interactions between human and AI, 

expanding its potential applications in fields of education, 

healthcare, and research.4

ChatGPT has a wide range of applications in medicine, 

ranging from clinical support to medical education. It can 

assist not only in diagnostic procedures and patient 

communication, but also as an interactive tool to support 

learning and knowledge retrieval.5—7 ChatGPT has been 

evaluated in answering multiple choice questions (MCQs) in 

licensing examinations for medical, dental, and pharmacy 

professionals across European, American and Asian nations. 

Reported accuracy rates (ARs) have differed among studies, 

generally varying from moderate to high performance 

depending on the testing models, subjects, and question 

types.8—14 These variations may reflect not only the dif

ferences in exam structure and content, but also the 

model’s varying ability to handle contextual interpretation, 

language complexity, and visual inputs, which might also 

affect the model’s performance.

Given the increasing applications of AI chatbots in the 

medical education, it is important to understand the fac

tors that may influence their performance. This study 

aimed to examine the impact of English translation of exam 

questions on ChatGPT-4o’s performance by analyzing their 

capabilities in answering oral pathology (OP) MCQs to help 

clarify the model’s strengths and limitations in serving as a 

support tool in dental education.

Materials and methods

Dataset construction and question processing

The Taiwan National Dental Licensing Examination (TNDLE) 

consisted of two parts and was held twice a year for dental 

students. If the dental students pass the TNDLE, they can 

acquire a dentist’s license. The part I examination focused 

on basic dental sciences, comprising Dentistry I examination 

(including basic dental specialties of oral anatomy, dental 

morphology, oral histology and embryology, biochemistry, 

and their relevant clinical knowledge) and Dentistry II ex

amination (including basic dental specialties of OP, dental 

materials, oral microbiology, dental pharmacology, and their 

relevant clinical knowledge). The part II examination 

(Dentistry III, IV, V, and VI) are mainly subjects of clinical 

dental sciences, such as endodontics, periodontology, 

operative dentistry, prosthodontics, pediatric dentistry, or

thodontics, dental radiology, and oral and maxillofacial 

surgery. Each of the 6 Dentistry examinations has 80 MCQs, 

and there were 28 OP MCQs in every Dentistry II examination.

The test questions and their official correct answers 

were downloaded from the website of the Ministry of Ex

amination from 2014 to 2024 as a PDF file. The TNDLE of 

2015, 2016, 2018, 2021, and 2024 were randomly selected. 

They were then converted into editable text document files 

(Microsoft Word) to extract the OP questions and to rear

range the order of the test OP questions, which were 

already utilized in our previous study.15 A total of 280 OP 

MCQs (28 extracted OP questions twice per year in the 

selected five years) were collected as the dataset, and each 

MCQ had four answer options and only one was correct. 

These exam questions were originally written in Chinese 

with additional medical terms written in English. To analyze 

the impact of language, all questions and answer choices 

were translated into English and carefully reviewed and 

revised to ensure properness to the original text, accurate 

expression, and formatting consistency.
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Study procedures and evaluation strategy

The English-translated OP MCQs were input into ChatGPT- 

4o to generate answers under standardized conditions 

without additional prompts. To minimize memory retention 

effects and ensure independence across every session, the 

previous records were ensured to be eliminated, and a new 

chat was initiated for each set of OP MCQs from a different 

examination year. The non-translated OP MCQs (original 

version with Chinese text and embedded English medical 

terms) were adopted and they had been previously tested 

and evaluated in our earlier study using the same model 

configuration, allowing for comparison of the accuracy 

rates (ARs, which were calculated as the proportion of the 

number of exam questions with correct answers to the total 

number of exam questions) between English-translated and 

non-translated OP MCQs.15

The answers generated by ChatGPT-4o were recorded 

and classified as correct or incorrect using the standard 

answers provided by the website of the Ministry of Exami

nation. Three specific question types were selected and 

further classified as image-based MCQs (n � 39), case- 

based MCQs (n � 39), and odd-one-out MCQs (n � 92), 

according to their content features. Image-based MCQs 

referred to those questions that included visual content 

such as figures. Case-based MCQs were those questions with 

a particular clinical scenario for assessment of the appli

cation of relevant knowledge clinically.16 Odd-one-out 

questions were defined by a reversed question orienta

tion, where the correct choice was either the false state

ment or the option with the lowest likelihood.17

Statistical analysis

The performance of ChatGPT-4o on English-translated and 

non-translated OP MCQs was compared using a dependent 

t-test for paired samples, based on the ARs for each of the 

10 test sets. To further assess whether English translation 

influenced the ChatGPT-4o’s performance within specific 

question types (image-based, case-based, and odd-one-out 

questions), the chi-square test was conducted to evaluate 

the ARs between English-translated MCQs and non- 

translated MCQs within each specific question type. A bi

nary logistic regression analysis was further performed on 

the English-translated MCQs to identify which question- 

type features were associated with incorrect answers, 

with graphical content, case-based context, and odd-one- 

out structure as independent variables. The significance 

level was set at P < 0.05 in all tests.

Results

The total number of correct answers in the English- 

translated OP MCQs was 261 (93.2 %) of 280 questions, 

while that in the non-translated MCQs was 248 (88.6 %) of 

280 questions. Thus, when ChatGPT-4o was used to answer 

the 10 sets of exam questions (n � 28 for each set), the 

mean overall AR was significantly higher for the English- 

translated MCQs (93.2 % � 5.7 %) than for the non- 

translated MCQs (88.6 % � 6.5 %) (P < 0.001, Table 1). 

This pattern was consistent across every annual 

examination, with the English-translated OP MCQs showing 

higher ARs than the non-translated OP MCQs. These findings 

indicate that English translation can significantly improve 

the ChatGPT-4o performance.

Regarding the ARs generated by ChatGPT-4o between 

English-translated and non-translated OP MCQs within each 

question type, there were no statistically significant dif

ferences observed in any of the three question types 

(image-based, case-based, or odd-one-out questions) 

(Table 2). For image-based questions, the AR was 74.4 % for 

the English-translated MCQs and 79.5 % for the non- 

translated MCQs (P � 0.788, Table 2). For case-based 

questions, the AR was 82.1 % and 84.6 % for the English- 

translated MCQs and the non-translated MCQs, respec

tively (P � 0.761, Table 2). For odd-one-out questions, the 

AR (93.5 %) for the English-translated MCQs was slightly 

higher than the AR (91.3 %) for the non-translated MCQs, 

but the difference was also not significant (P � 0.781, 

Table 2). These findings suggest that within specific ques

tion types, English translation did not significantly affect 

the ARs generated by ChatGPT-4o.

To further evaluate the factors associated with errors 

generated by ChatGPT-4o on the English-translated OP 

MCQs, a binary logistic regression analysis was conducted 

and the results showed that image-based MCQs were 

significantly more likely to result in incorrect answers 

compared to the MCQs without images (odds ratio 

(OR) � 9.085, 95 % confidence interval (CI): 2.568—32.147, 

P � 0.001, Table 3). On the other hand, case-based con

texts or odd-one-out structures did not significantly affect 

the likelihood of error (P � 0.846 and P � 0.455, respec

tively, Table 3). Taken together, within the English- 

translated condition, the presence of graphical content 

Table 1 The number of correct answers and accuracy 

rates (ARs) generated by ChatGPT-4o for English-translated 

and non-translated oral pathology multiple choice questions 

(MCQs) in Dentistry II examinations from selected years 

between 2015 and 2024.

Year (number of 

question)

Number of questions with 

correct answers (%, AR)

Non-translated 

MCQs

English-translated 

MCQs

2015-1 (n � 28) 27 (96.4) 27 (96.4)

2015-2 (n � 28) 26 (92.9) 27 (96.4)

2016-1 (n � 28) 26 (92.9) 27 (96.4)

2016-2 (n � 28) 23 (82.1) 25 (89.3)

2018-1 (n � 28) 26 (92.9) 27 (96.4)

2018-2 (n � 28) 24 (85.7) 27 (96.4)

2021-1 (n � 28) 24 (85.7) 26 (92.9)

2021-2 (n � 28) 27 (96.4) 28 (100.0)

2024-1 (n � 28) 22 (78.6) 23 (82.1)

2024-2 (n � 28) 23 (82.1) 24 (85.7)

Total (n � 280) 248 (88.6) 261 (93.2)

Mean AR � SD 88.6 � 6.5 93.2 � 5.7
aP < 0.001

a Comparison of mean overall AR between English-translated 

and non-translated oral pathology MCQs by dependent t-test for 

the paired samples.
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appeared to be a key factor contributing to errors, whereas 

the English translation alone may not affect ChatGPT-4o’s 

performance on the image-based MCQs, as evidenced by 

the lack of significant difference between the English- 

translated and non-translated OP questions as shown in 

Table 2.

Discussion

This study demonstrated that translation of OP MCQs into 

English had a generally positive effect on ChatGPT-4o’s 

performance, as reflected by the higher mean overall AR 

for the English-translated exam questions than the non- 

translated exam questions. Regarding different question 

types (image-based, case-based, or odd-one-out), no sig

nificant differences in the ARs were observed between the 

English-translated and non-translated OP exam questions. 

The above findings suggest that while English translation 

may have a positive impact on the overall ChatGPT-4o0s 

performance, its effect appears to be limited when ques

tion type is considered individually. Further analysis to 

examine error types on English-translated OP MCQs 

revealed that image-based questions were significantly 

more likely to generate incorrect answers, indicating that 

the graphical content poses a particular challenge for the 

ChatGPT-4o’s performance, independent of language.

In our study, translation of the OP exam questions from 

Chinese (with the key medical terms written in English 

additionally) into English appeared to enhance ChatGPT- 

4o’s overall performance on answering the OP MCQs 

correctly (mean overall AR increased from 88.6 % to 93.2 %). 

Similar findings with minor divergence were noted in other 

two associated studies.10,14 Wang et al. reported the 

comprehensively-improved ChatGPT-3.5’s performance on 

the English-translated version of the Taiwan national 

pharmacist licensing examination.10 Fang et al. also found 

that translation of Chinese medical licensing examination 

questions into English increases the number of correct an

swers from 256 to 260 when using ChatGPT-4, although the 

difference does not reach the significant level 

(P � 0.728).14 One possible explanation could be that En

glish translations may be closer to the linguistic patterns 

and conceptual representations present in training dataset 

of GPT, which are predominantly English-based.18 Even 

though key medical terms were provided in English within 

the Chinese exam questions, sentence structure, context 

framing, and grammatical cues in Chinese might still pro

duce ambiguities that affect the model comprehension. 

This could be partially supported by our previous findings 

that ChatGPT-4 achieved significantly lower AR on the 

Chinese odd-one-out questions (77.2 %) compared to 

ChatGPT-4o (91.3 %, P � 0.015), suggesting that the earlier 

versions of the model might be struggled with subtle se

mantic distinctions in Chinese exam question formats.15

Further analysis of the English-translated OP MCQs 

showed that image-based questions were associated with 

more incorrect answers, highlighting that visual informa

tion might introduce unique difficulties for the model un

related to language. Morishita et al. assessed the 

capabilities of ChatGPT-4V with image recognition in 

answering 160 image-based questions from the Japanese 

national dental licensing examination to explore its po

tential as an educational support tool for dental students. 

They demonstrated that the overall AR of ChatGPT-4V for 

160 image-based questions is 35.0 %. Moreover, a higher 

number of images in questions is correlated with lower 

accuracy, suggesting an impact of the number of images on 

the ARs.12 In addition, Fukuda et al. also compared the 

performance of two LLMs with the image recognition ca

pabilities, ChatGPT-4V and Gemini Pro, in answering the 

160 image-based questions from the Japanese national 

dental licensing examination. They found that the overall 

AR of ChatGPT-4V (35.0 %) is higher than that of Gemini Pro 

Table 3 Binary logistic regression analysis of errors generated by ChatGPT-4o on English-translated oral pathology MCQs based 

on features of different question types.

Variable Reference Odds ratio [95 % confidence interval] P-value

Image-based MCQs MCQs without images 9.085 [2.568, 32.147] 0.001

Case-based MCQs MCQs without case context 1.145 [0.292, 4.484] 0.846

Odd-one-out MCQs MCQs without odd-one-out structure 1.532 [0.500, 4.691] 0.455

Table 2 The accuracy rates (ARs) generated by ChatGPT-4o for English-translated and non-translated oral pathology multiple 

choice questions (MCQs) were compared within each question type by chi-square test.

Image-based MCQs (n � 39) Case-based MCQs (n � 39) Odd-one-out MCQs (n � 92)

Correct Incorrect Correct Incorrect Correct Incorrect

English-translated MCQs 29 (74.4) 10 (25.6) 32 (82.1) 7 (17.9) 86 (93.5) 6 (6.5)

Non-translated MCQs 31 (79.5) 8 (20.5) 33 (84.6) 6 (15.4) 84 (91.3) 8 (8.7)
aP-value 0.788 0.761 0.781

a The difference in ARs between English-translated and non-translated oral pathology MCQs within each question type was assessed by 

chi-square test.
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(28.1 %), but the difference is not statistically significant. 

Furthermore, they also observed that the ARs tend to 

decrease with an increased number of images within a 

question, suggesting that the number of images influences 

the correctness of the responses.11 This difficulty in visual 

processing persists even when questions are presented in 

English originally, as demonstrated by Hayden et al., who 

reported that ChatGPT-4 performs dramatically worse on 

the image-based radiology questions than on the text-only 

radiology questions (47.8 % vs. 81.5 %, P < 0.001).19 More

over, Kaneyasu et al. used ChatGPT-4.5 to answer the 213 

MCQs (including 74 text-only and 139 visually-based ques

tion) from the 34th Japanese national dental hygienist ex

amination. They found the ChatGPT-4.5’s ARs are 76.1 % for 

all questions, 87.8 % for text-only questions, and 69.8 % for 

visually-based questions, indicating a relatively higher AR 

for text-only questions than for visually-based questions.20

All the above-mentioned findings collectively point to a 

consistent limitation in current LLMs’ capabilities of pro

cessing visual information and spatial reasoning, under

lining the need for continued model refinement in 

multimodal understanding.

Based on our findings, although the restriction in 

handling visual information of the model remained 

apparent, translation of Chinese OP MCQs into English 

significantly improved the ChatGPT-4o’s overall perfor

mance. Therefore, given its strong performance on text- 

based question and convenience, ChatGPT-4o is indeed a 

promising tool to support learning in dental education, 

although it still needs the continued development in 

enhancing the integration of visual and linguistic informa

tion in the current LLMs.
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