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Abstract

Background
Generative artificial intelligence (AI) systems are increasingly used in medical education, but their
performance in undergraduate ophthalmology remains incompletely characterized. This study aimed to
compare five systems with fourth-year medical students on the same ophthalmology examination
questions.

Methods
This cross-sectional study included 89 multiple-choice questions from two ophthalmology examinations
administered at the University of Porto in 2025, including 12 image-based and 77 were text-only items.
The item-level results were available for 229 students. GPT-4.1 Auto, GPT-5.2 Auto, Gemini 3 Flash, Grok
4.1 Auto, and Claude Sonnet 4.5 were tested via a standardized prompt. Performance by question format
was compared using Fisher's exact and Mann–Whitney U tests; agreement was assessed using kappa
statistics and the McNemar test, and predictors of correct AI responses using mixed-effects logistic
regression.

Results
The mean item-level student accuracy was 73.1%. The overall accuracy was 95.5% for Gemini 3 Flash,
93.3% for Claude Sonnet 4.5, 92.1% for GPT-5.2 Auto, 84.3% for Grok 4.1 Auto, and 79.8% for GPT-4.1
Auto. Four of the five systems performed significantly worse on image-based than on text-only
questions, whereas student performance was similar across formats. GPT-4.1 Auto had the greatest
agreement with the student-majority pattern despite having the lowest AI accuracy. Questions answered
correctly by a larger proportion of students were also more likely to be answered correctly by AI systems
(p = 0.002).

Conclusions
Generative AI systems achieved high accuracy on undergraduate ophthalmology questions, particularly
text-based items, but most performed worse on image-based questions. These systems may support
learning, but examination performance should not be interpreted as evidence of clinical competence.

1. BACKGROUND
Generative artificial intelligence (AI), particularly large language models (LLMs), has rapidly been
incorporated into education to explain complex concepts, create educational materials and support
examination preparation (1–3). Although more recent LLMs usually perform at least as well as the
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students do on text-based exam questions, they do not consistently perform better than students do
across all settings (4–6). Particularly in medical education, the evidence is still heterogeneous, as the
results vary considerably according to the model and version evaluated, medical specialty, language,
prompting strategy, question format and level of reasoning required (4, 5, 7–11). Studies evaluating
these platforms in ophthalmology and comparing them with residents and board-examination
candidates have also reported variable results (8, 12, 13).

Far fewer studies have examined how these tools compare with those of medical students. The aim of
undergraduate ophthalmology education is to test foundational knowledge and clinical reasoning under
a defined curriculum rather than a specialty board examination (14–16). A recent evaluation of an
undergraduate-level United Kingdom ophthalmology prize examination suggested that contemporary
LLMs could rank within the top performance of human candidates (14). Nevertheless, little is known
about the types of questions that these models answer incorrectly and whether their pattern of errors
resembles that observed among students, particularly as question difficulty increases.

In our study, we evaluated the performance of four widely used generative AI platforms (ChatGPT,
Gemini, Claude, and Grok) on the same ophthalmology examinations completed by fourth-year medical
students (MS4) in an undergraduate medical curriculum. We aimed to compare AI accuracy with student
performance and to determine whether performance differed according to question format and human-
derived item difficulty. We also examined the extent to which AI systems and students shared similar
patterns of correct and incorrect responses.

2. METHODS

2.1 Study design
This cross-sectional study compared the performance of five commercially available generative AI
systems with that of MS4 on ophthalmology multiple-choice questions. The study protocol was
approved by the Ethics Committee of the Faculty of Medicine of the University of Porto/RISE Health
(approval no. 374/CEFMUP-RISEHealth/2025; December 16, 2025). Only anonymized student
performance data were analyzed, and no individual student could be identified. This study was
conducted and is reported in accordance with the Strengthening the Reporting of Observational Studies
in Epidemiology (STROBE) guidelines for cross-sectional studies (17).

All questions were obtained from two complete ophthalmology examinations (first and second
semesters in 2025, Faculty of Medicine of the University of Porto). Each item consisted of a single-best-
answer multiple-choice question with five response options. After excluding one duplicate item, 89
unique questions remained (44 from the first semester, 45 from the second). Each item was classified by
semester, subspecialty, and format: questions requiring interpretation of a clinical image or diagnostic
exam (slit-lamp photography, perimetry, retinography, or fluorescein angiography) were classified as
image-based; all others were classified as text-only.
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Anonymized item-level student results were obtained from the original examinations. The first- and
second-semester examinations were completed by 119 and 110 students, respectively. The official
answer key was established before model testing and was independently reviewed by five
ophthalmologists, with disagreements resolved by consensus. Item-level student performance was
defined as the proportion of students selecting the correct answer; a question was considered "correct"
for the student group when this percentage exceeded 50% (sensitivity analyses used 75% and 90%
thresholds). Item difficulty was entered into the statistical models as a continuous facility index (0–1).

2.2 Testing procedure
Five commercially available generative AI systems from four platforms were evaluated: GPT-4.1 Auto
and GPT-5.2 Auto (OpenAI, San Francisco, CA, USA), Gemini 3 Flash (Google, Mountain View, CA, USA),
Grok 4.1 Auto (xAI, Palo Alto, CA, USA), and Claude Sonnet 4.5 (Anthropic, San Francisco, CA, USA). All
were accessed in private-browsing sessions using newly created accounts, with no previous
conversation history, saved memory or custom instructions on December 22, 2025.

Each conversation was opened with the same standardized prompt (Portuguese, with English
translation): "Please answer the following questions from the ophthalmology examination of MS4. For
each question, select the single best answer." Questions and options were entered manually without
paraphrasing; image-based items included the original image. Questions were submitted sequentially in
two consecutive boxes because of platform character limits, with no follow-up prompts, regeneration, or
accuracy feedback, and no web search, plug-ins, or external references enabled. Responses selecting a
nonexistent option or with no identifiable answer, were classified as “incorrect”. There were no missing
data: all 89 items were answered by all five AI systems, and item-level response data were available for
all students who completed each examination.

2.3 Outcomes
The primary outcome was overall accuracy (proportion of correct answers per AI system). The
secondary outcomes include accuracy by question format and subspecialty, agreement between each
AI's item-level correctness pattern and the student group, inter-AI agreement, and the association
between AI accuracy and the student item facility.

2.4 Statistical analysis
Accuracy was defined as the proportion of correct responses for each AI system. Ninety-five percent
confidence intervals for AI accuracy were calculated via the Wilson method; for students whose
performance was expressed as the mean of item-level proportions, confidence intervals were estimated
via percentile bootstrapping (2 000 resamples). Each AI system's total score was ranked against
individual student scores to determine its percentile position within the student distribution for each
examination.

Performance on image-based versus text-only questions was compared via Fisher's exact test for each
AI system and the Mann–Whitney U test for students. Pairwise item-level comparisons between each AI
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system and the student-majority response used the exact binomial McNemar test, which evaluates
whether the number of items answered correctly by only the AI system differs from the number
answered correctly by only the student majority.

Agreement between each AI system's item-level correctness pattern and the student-majority response
(binarized at a threshold of more than 50% correct) was assessed with Cohen's kappa; a sensitivity
analysis repeated the calculation at thresholds of 75% and 90%. Agreement among the five AI systems
was assessed with Fleiss's kappa. Both coefficients were interpreted per Landis and Koch (1977): less
than 0.00, no agreement; 0.00–0.20, slight; 0.21–0.40, fair; 0.41–0.60, moderate; 0.61–0.80, substantial;
and 0.81–1.00, almost perfect. Bootstrap confidence intervals (2 000 resamples, percentile method)
were calculated for kappa estimates.

To examine predictors of correct AI responses while accounting for the clustering of responses within
questions, a mixed-effects logistic regression (GLMM) was fitted with item-level correctness (0/1) as the
outcome and the question as a random intercept. Fixed effects included AI system, question format
(image-based vs. text-only), their interaction, item facility (proportion of students answering correctly,
entered as a continuous covariate), and semester. Three nested models of increasing complexity were
compared via the Akaike information criterion and the likelihood ratio test. The BOBYQA algorithm was
used for optimization. Cohen's kappa was also calculated separately for each ophthalmology
subspecialty with at least five questions.

All analyses were stratified by question format (overall, image-based, text-only). Statistical significance
was set at α = 0.05. Analyses were performed in R version 4.5.3 (R Foundation for Statistical Computing),
using the irr package for Cohen's and Fleiss' kappa, boot for bootstrap confidence intervals, and lme4 for
mixed-effects regression.

3. RESULTS

3.1 Question characteristics and student performance
A total of 89 unique multiple-choice questions were included: 44 from the first-semester and 45 from the
second semester examinations. Twelve questions (13.5%) were image-based and 77 (86.5%) were text-
only. The most frequently represented subspecialties were general ophthalmology (n = 18), medical
retina (n = 15), glaucoma (n = 13), neuro-ophthalmology (n = 9), strabismus (n = 7), cataract and refractive
surgery (n = 6), and pediatric ophthalmology (n = 5).

The mean item-level student accuracy was 73.1% (median, 79.8%; range, 8.4%–100%). Student
performance was similar between the first and second semesters (72.2% vs 73.9%; p = 0.739) and
between image-based and text-only questions (72.8% vs 73.1%; p = 0.904). Using the prespecified
student-majority threshold, more than half of students answered 73 (82.0%) questions correctly
(Table 1).
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3.2 Overall AI performance and ranking within the student
distributions
Grok 4.1 Auto and GPT-5.2 Auto each selected once an answer option that was not provided in different
questions once. These responses were classified as incorrect.

The item-level accuracy of all five AI systems was numerically higher than the mean student item facility.
Gemini 3 Flash achieved the highest accuracy of 95.5%, followed by Claude Sonnet 4.5, GPT-5.2 Auto,
Grok 4.1 Auto and GPT-4.1 Auto with accuracies of 93.3%, 92.1%, 84.3% and 79.8%, respectively
(Table 2).

Three systems consistently ranked near the top of the student distributions: Gemini 3 Flash (100th and
99.1st percentiles), Claude Sonnet 4.5 (99.6th and 97.3rd), and GPT-5.2 Auto (93.3rd and 99.1st) in the
first and second examinations, respectively. Grok 4.1 Auto ranked at the 83.2nd and 85.9th percentiles,
while GPT-4.1 Auto showed the greatest variation, dropping from the 83.2nd to the 49.5th percentile.

3.3 Performance according to question format
Performance was lower for image-based than for text-only questions: Gemini 3 Flash (75.0% vs 98.7%; p 
= 0.007), GPT-5.2 Auto (66.7% vs 96.1%; p = 0.006), Grok 4.1 Auto (50.0% vs 89.6%; p = 0.001), and Claude
Sonnet 4.5 (75.0% vs 96.1%; p = 0.030). No significant difference according to question format was
observed for GPT-4.1 Auto (75.0% vs 80.5%; p = 0.702). (Table 2)

3.4 Comparison and agreement with student performance
In paired item-level comparisons, Gemini 3 Flash and Claude Sonnet 4.5 answered correctly more
frequently items missed by the student majority than the opposite pattern, showing significant
asymmetry in favor of the AI system (p = 0.012 and p = 0.031, respectively). No significant asymmetry
was observed for the remaining systems, although GPT-5.2 Auto showed a similar nonsignificant trend.

GPT-4.1 Auto showed the highest agreement with the student-majority correctness pattern. Agreement
was moderate for the complete set of questions (κ = 0.42; p < 0.001) and for text-only questions (κ = 
0.45; p < 0.001), but was lower for image-based questions (κ = 0.25; p = 0.371).

Agreement was minimal for the remaining systems: GPT-5.2 Auto, κ = 0.07; Claude Sonnet 4.5, κ = 0.09;
Grok 4.1 Auto, κ = 0.04; and Gemini 3 Flash, κ=−0.08. For text-only questions, GPT-5.2 Auto showed slight
agreement with the student-majority response (κ = 0.18; p = 0.026). No statistically significant agreement
was found for the other systems.

A sensitivity analysis using alternative student-performance thresholds showed similar findings. GPT-4.1
Auto consistently showed the highest agreement at student-performance thresholds of more than 50%,
75%, and 90%, although the magnitude of agreement decreased as the threshold increased (κ = 0.42,
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0.36, and 0.14, respectively). The kappa values for the other systems remained close to zero across the
three thresholds (Table 3).

3.5 Agreement among AI systems
Overall agreement in correctness status among the five AI systems was fair (Fleiss κ = 0.38; p < 0.001).
Agreement was moderate for image-based questions (κ = 0.50; p < 0.001) and fair for text-only questions
(κ = 0.25; p < 0.001).

3.6 Mixed-effects analysis
In the mixed-effects analysis, a greater proportion of students answering an item correctly was
associated with greater odds of a correct AI response (p = 0.002), indicating that AI systems were more
likely to answer correctly the same questions that were answered correctly by a larger proportion of
students. Examination semester was not associated with AI performance (p = 0.673). Using Claude
Sonnet 4.5 and text-only questions as the reference categories, GPT-4.1 Auto had lower odds of a correct
response than Claude Sonnet 4.5 (OR, 0.04; p < 0.001), while image-based questions were associated
with lower odds of a correct Claude response (OR, 0.01; p = 0.019). No model-by-question-format
interaction reached statistical significance; however, the limited number of image-based items resulted
in imprecise interaction estimates.

3.7 Performance according to ophthalmology subspecialty
Performance varied across subspecialties (Fig. 1). Gemini 3 Flash and Claude Sonnet 4.5 achieved 100%
accuracy in several categories, including medical retina, glaucoma, neuro-ophthalmology, strabismus,
and cataract and refractive surgery. General ophthalmology was among the lowest-performing
categories for several systems, with accuracies of 61.1% for Grok 4.1 Auto and 72.2% for GPT-4.1 Auto.
In pediatric ophthalmology, student accuracy was 82.0%, compared with 80.0% for four of the five
systems and 100% for Gemini 3 Flash. Detailed subspecialty-level results and agreement analyses are
provided in Supplementary Table 1.

4. DISCUSSION
In this study, generative AI models performed well on a MS4 ophthalmology exam. Studies using
ophthalmology residency or board examinations have reported performance approaching that of human
candidates (8, 18–21), but these findings are not equivalent to comparisons with undergraduate
students, where examinations primarily evaluate foundational knowledge and the application of core
concepts within a defined curriculum. Therefore, performance relative to residents or board candidates
cannot be directly extrapolated to undergraduate education. Also, direct comparisons between AI
systems and undergraduate medical students remain relatively limited, as summarized in Table 4. To our
knowledge, this is one of the first studies to compare these systems with undergraduate medical
students in the context of ophthalmology education in Europe. Importantly, the models and students
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were evaluated on the same questions from actual university examinations rather than on a publicly
available question bank.

In our study, Gemini 3 Flash, Claude Sonnet 4.5, and GPT-5.2 Auto achieved overall accuracies above
90%, while GPT-4.1 Auto and Grok 4.1 Auto had lower accuracy than the other systems, although their
accuracies remained numerically above mean student performance (84.3% and 79.8%, respectively, vs
73.1%). These results are greater than those reported in many earlier ophthalmology examination
studies (Table 4). Part of this difference may reflect improvements in more recent model generations.
Nevertheless, comparisons across studies remain difficult because the source and difficulty of the
questions, examination language, model version, prompt structure, presence of images, and testing
interface differ substantially between published evaluations (16, 22) (Table 4).

The question format was an important determinant of AI performance in our study. Four of the five
systems performed significantly worse on image-based questions, as already reported in other studies,
whereas student performance remained similar across formats (5, 10, 23–26). The performance of
image-based questions is particularly relevant in ophthalmology, where diagnosis and management
often depend on the interpretation of visual findings, rather than on textual knowledge alone.
Nonetheless, the magnitude of the difference observed in our study should be interpreted cautiously,
because only 12 questions included images.

An important consideration when interpreting the high AI accuracy observed in our study is the
difference in preparation between students and AI systems. The questions in the present study were
written by faculty members involved in teaching the course, and students had attended the
corresponding lectures and received the associated materials to get prepared. By contrast, the AI
systems were given only the question stem, response options, and associated image (when applicable),
without access to course materials or targeted preparation. Despite this difference, the AI systems
achieved high accuracy on locally developed, Portuguese-language ophthalmology questions.

Our mixed-effects analysis further showed that AI accuracy was associated with student item-level
performance: questions answered correctly by a larger proportion of students were also more likely to be
answered correctly by the AI systems, consistent with previous reports that question difficulty influences
LLM performance (27). This does not imply that students and AI systems used the same reasoning
processes or exhibited identical error patterns (18, 28). Indeed, accuracy and agreement captured
different aspects of performance: while GPT-4.1 Auto had lower overall accuracy but showed the
greatest similarity to the student-majority pattern of responses, Gemini 3 Flash achieved the highest
accuracy and correctly answered several questions missed by most students, resulting in a low chance-
corrected agreement.

Our results support the potential use of these systems as supplementary learning tools from an
educational perspective. They may assist students in reviewing content, discussing alternative answer
choices or identifying areas requiring further study (1). However, their performance also raises concerns
about the continued use of unsupervised, text-only multiple-choice assessments. Exams that
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incorporate supervised testing, image interpretation, oral justification, simulated patients and practical
clinical skills may provide a more meaningful evaluation of ophthalmology training, ensuring that it
reflects the visual nature of ophthalmology.

Several limitations should also be acknowledged. The study was conducted at a single medical school
and included a relatively small number of questions, particularly in terms of image-based items and
questions within individual subspecialties. Each system answered each question only once, preventing
assessment of response variability or reproducibility. Although newly created accounts, and private-
browsing sessions minimized contextual carryover and user-specific personalization, the systems were
accessed through proprietary consumer interfaces whose underlying configurations may change over
time. The findings therefore reflect the configurations available on December 22, 2025 and may not be
fully reproducible following subsequent platform updates. Since then, newer versions of Gemini and
ChatGPT, with enhanced reasoning capabilities, have been released and may offer performance
improvements (29, 30).

5. CONCLUSIONS
Contemporary generative AI systems performed well on real undergraduate ophthalmology
examinations, with three of the five systems achieving overall accuracies above 90%. Questions that
were easier for students were also more likely to be answered correctly by the AI systems, although the
pattern of correct and incorrect responses differed between models. Performance was lower on image-
based questions for most systems, but this finding should be interpreted cautiously given the limited
number of image-based items. These results suggest that generative AI may have a useful place in
ophthalmology education, while also reinforcing that success on written examinations is not equivalent
to clinical competence.
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IQR
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Table 1
Characteristics of the examination questions and student performance

Characteristic Semester 1 Semester 2 Overall

Students, n 119 110 229

Examination items, n 44 45 89

Text-only items, n (%) 38 (86.3) 39 (86.7) 77 (86.5)

Image-based items, n (%) 6 (13.7) 6 (13.3) 12 (13.5)

Student examination score, median (IQR),
%

72.73 (65.91–
79.55)

77.78 (71.11–
82.22)

-

Score range, % 45.45–90.91 44.44–97.78 -

Students achieving ≥ 90%, n (%) 1 (0.8) 9 (8.2) -

Student item facility, median (range), % 79.0 (8.4–100) 80 (9.1–99.1) 79.8 (8.4–
100.0)

Items correctly answered by > 50% of
students, n (%)

37 (84.1) 36 (80.0) 73 (82.0)

Items correctly answered by ≤ 50% of
students, n (%)

7 (15.9) 9 (20.0) 16 (18.0)

Table 2
Overall and format-specific performance of generative AI systems and medical students

Evaluator Overall Text-only Image-based p value

Gemini 3 Flash 85/89 (95.5%)
[89.0–98.2]

76/77 (98.7%)
[93.0–99.8]

9/12 (75.0%)
[46.8–91.1]

0.007a

Claude Sonnet
4.5

83/89 (93.3%)
[86.1–96.9]

74/77 (96.1%)
[89.2–98.7]

9/12 (75.0%)
[46.8–91.1]

0.030a

GPT-5.2 Auto 82/89 (92.1%)
[84.6–96.1]

74/77 (96.1%)
[89.2–98.7]

8/12 (66.7%)
[39.1–86.2]

0.006a

Grok 4.1 Auto 75/89 (84.3%)
[75.3–90.4]

69/77 (89.6%)
[80.8–94.6]

6/12 (50.0%)
[25.4–74.6]

0.001a

GPT-4.1 Auto 71/89 (79.8%)
[70.3–86.8]

62/77 (80.5%)
[70.3–87.8]

9/12 (75.0%)
[46.8–91.1]

0.702a

Students 73.1% [68.0–77.9] 73.1% [67.5–78.3] 72.8% [60.3–84.9] 0.904b

Values for AI systems are presented as n/N (%) [95% CI]. Student performance represents the mean
item-level proportion of correct responses and is therefore presented as a percentage [95% CI]. P
values compare performance between text-only and image-based questions. � Fisher’s exact test; ᵇ
Mann–Whitney U test.
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Table 3
Agreement between each AI system and the student-majority, overall and according to question format.
AI system Overall κ p value Image-based

κ
p value Text-only

κ
p value

GPT-4.1 0.42 < 0.001 0.25 0.371 0.45 < 0.001

GPT-5.2 Auto 0.07 0.447 -0.29 0.273 0.18 0.026

Claude Sonnet
4.5

0.09 0.310 0.25 0.371 0.06 0.488

Grok 4.1 Auto 0.04 0.714 0.00 1.000 0.10 0.336

Gemini 3 Flash -0.08 0.338 -0.25 0.371 -0.02 0.635

The student-majority classification considered an item correct when more than 50% of students
selected the correct answer. Agreement was assessed using Cohen’s kappa.
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Table 4
Selected studies directly comparing generative AI systems with undergraduate medical students on

examination-style assessments.
Study Question set AI models Human

comparator
Findings

Patel et al.,
2024

30 board-style
Otolaryngology–
Head & Neck
Surgery multiple-
choice questions
(text only)

GPT-3.5 Medical
students 1, 2, 3
and 4

ChatGPT-3.5 (54.7%)
significantly outperformed
MS1 (28.8%), MS2
(31.4%), and MS3 (36.0%)
students. It performed
similarly to MS4 students
(37.8%). (31)

Strong et al.,
2023

14 open-ended
clinical reasoning
cases

(text only)

GPT-3.5
(prior
study),
GPT-4
(follow-up
study)

First- and
second-year
medical
students and
physician
assistant
students

GPT-4 scored a mean 4.2
percentage points higher
than students. Its passing
rate was 93% (vs. 85% of
students). GPT-4 also
substantially
outperformed GPT-3.5
(43%). (32)

Meyer, Riese &
Streichert,
2024

834 original
multiple-choice
questions from 3
official written
German medical
licensing exams

(text only)

GPT-3.5,
GPT-4

Medical
students who
took the same
exams

GPT-4 averaged 85%
correct, ranking in the
92.8th, 99.5th, and 92.6th
percentiles. (33)

Bharatha et
al., 2024

304 MCQs from
basic science and
clinical course
exams (text only)

ChatGPT-4 Medical
students who
took the same
exams

ChatGPT-4 scored higher
overall (73.7%) than
students (66.7%).
ChatGPT-4's performance
depended on course type.
(34)

Friederichs et
al, 2023

Progress test
spanning multiple
specialties (incl.
dermatology,
radiology, legal
medicine, and
others) (text only)

GPT Medical
students taking
the same
progress test

ChatGPT answered 65.5%
of questions correctly,
better than student
average across most
specialties. Results varied
by field (very high in
dermatology, very low in
radiology and legal
medicine).(11)

Alessi et al.,
2025

333 multiple-
choice questions
from the Brazilian
Progress Test
across different
areas (text only)

GPT-3.5,
GPT-4.0

Medical
students who
took the same
test

GPT-4 scored higher than
GPT-3.5 in every subject,
but differences remained
statistically significant
only in basic sciences and
gynecology/obstetrics.
Both generally scored
above student averages.
(9)
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Study Question set AI models Human
comparator

Findings

Ros-Arlanzón
et al., 2025

Final MCQ exams
in Infectious
Diseases,
Neurology,
Respiratory
Medicine, and
Cardiovascular
Medicine (text and
image questions)

OpenAI o1,
GPT-4o,
DeepSeek
R1,
Microsoft
Copilot,
Gemini 1.5
Flash

442 student
scores

Across all four courses,
every LLM's mean score
exceeded the student
median, and in several
cases beat the single
highest-scoring student
(LLM means 7.46–9.88
vs. student means 4.28–
7.32).(35)

Al-Thani et al.,
2025

160 Emergency
Medicine MCQs:
98 text-only and 62
image-based.

GPT-4;
Gemini 1.5

125 final-year
medical
students

Students scored 79.4%,
ChatGPT 72.5%, and
Gemini 54.4%. On image-
based questions, accuracy
was 62.9%, 54.8%, and
24.2%, respectively.(5)

Salvador et al.,
2025

10-question
practical
examination based
on radiological and
nuclear medicine
images.

GPT-4o 33 third-year
medical
students

Students achieved a
higher mean score than
GPT-4o, 7.78 vs. 6.05/10.
GPT-4o ranked at the 9th
percentile of the student
distribution.(36)

Sarantopoulos
et al., 2026

90 image-based
MCQs in Anatomy,
Pathology, and
Pediatrics

GPT-4.0 127
undergraduate
medical
students

ChatGPT performed below
students in Anatomy and
above students in
Pediatrics. Model failed to
recognize all Pathology
images.(10)

This table provides a focused narrative overview and is not intended to represent a systematic review of
the literature. Studies were selected based on the presence of a direct comparison between generative
AI systems and undergraduate or pre-licensure students completing examination-style assessments.
Studies involving only residents, specialists, or board-examination candidates were excluded.
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Figure 1

Accuracy (%) by ophthalmology subspecialty.

Legend: Subspecialties with n ≥ 5 questions
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