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ABSTRACT

Introduction:  Accurate ophthalmic imaging 
reports, including fundus fluorescein angiog-
raphy (FFA) and ocular B-scan ultrasound, are 
essential for effective clinical decision-making. 
The current process, involving drafting by 
residents followed by review by ophthalmic 

technicians and ophthalmologists, is time-con-
suming and prone to errors. This study evalu-
ates the effectiveness of ChatGPT-4o in audit-
ing errors in FFA and ocular B-scan reports and 
assesses its potential to reduce time and costs 
within the reporting workflow.
Methods:  Preliminary 100 FFA and 80 ocu-
lar B-scan reports drafted by residents were 
analyzed using GPT-4o to identify the errors 
in identifying left or right eye and incorrect 
anatomical descriptions. The accuracy of GPT-
4o was compared to retinal specialists, general 
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ophthalmologists, and ophthalmic technicians. 
Additionally, a cost-effective analysis was con-
ducted to estimate time and cost savings from 
integrating GPT-4o into the reporting process. 
A pilot real-world validation with 20 erroneous 
reports was also performed between GPT-4o and 
human reviewers.
Results:  GPT-4o demonstrated a detection rate 
of 79.0% (158 of 200; 95% CI 73.0–85.0) across 
all examinations, which was comparable to the 
average detection performance of general oph-
thalmologists (78.0% [155 of 200; 95% CI 72.0–
83.0]; P ≥ 0.09). Integration of GPT-4o reduced 
the average report review time by 86%, complet-
ing 180 ophthalmic reports in approximately 
0.27 h compared to 2.17–3.19 h by human oph-
thalmologists. Additionally, compared to human 
reviewers, GPT-4o lowered the cost from $0.21 
to $0.03 per report (savings of $0.18). In the 
real-world evaluation, GPT-4o detected 18 of 
20 errors with no false positives, compared to 
95–100% by human reviewers.
Conclusions:  GPT-4o effectively enhances 
the accuracy of ophthalmic imaging reports by 
identifying and correcting common errors. Its 
implementation can potentially alleviate the 
workload of ophthalmologists, streamline the 
reporting process, and reduce associated costs, 
thereby improving overall clinical workflow and 
patient outcomes.

Keywords:  Ophthalmology; Imaging reports; 
Error audit; ChatGPT; Cost-effective

Key Summary Points 

Why carry out this study?

Accurate ophthalmic imaging reports, such 
as fundus fluorescein angiography (FFA) and 
ocular B-scan ultrasound, are crucial for effec-
tive clinical decision-making. The current 
process, involving report drafting by resi-
dents followed by reviews from ophthalmic 
technicians and specialists, is time-consum-
ing and prone to errors, potentially delaying 
patient care.

This study evaluates the effectiveness of GPT-
4o in auditing errors in FFA and ocular B-scan 
reports, with the goal of reducing time and 
costs in the reporting workflow.

What was learned from the study?

GPT-4o significantly improved the accuracy 
of ophthalmic imaging reports by detecting 
common errors such as laterality confusions 
and descriptor misregistrations. The integra-
tion of GPT-4o reduced the time required 
for report review and significantly lowered 
associated costs.

The implementation of GPT-4o can reduce 
the workload for ophthalmologists, stream-
line the reporting process, enhance diagnos-
tic accuracy, and lead to significant time and 
cost savings. Despite the promising results, 
challenges remain, such as ensuring integra-
tion into real-world clinical workflows and 
maintaining the transparency and reliability 
of AI models for broader clinical adoption.

INTRODUCTION

Ophthalmic multimodal imaging examina-
tions are crucial for developing effective treat-
ment plans for various eye diseases [1]. Accu-
rate and consistent ophthalmic imaging reports, 
including fundus fluorescein angiography (FFA) 
and ocular B-scan ultrasound, are essential for 
effective clinical decision-making and patient 
management [2, 3]. At some institutions, these 
reports are initially drafted by resident doc-
tors and then reviewed by board-certified oph-
thalmologists [4]. While this review process 
enhances accuracy, it is time-consuming and 
resource-intensive [5]. Additionally, increas-
ing workloads, high-pressure environments, 
and limitations of current speech recognition 
technologies contribute to frequent reporting 
errors, such as errors in identifying left or right 
eye and incorrect anatomical descriptions [6]. 
Although robust prevalence estimates for oph-
thalmic imaging reports are currently lacking, 
evidence from radiology indicates that real-time 
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day-to-day reporting errors average approxi-
mately 3–5%, while retrospective reviews iden-
tify errors in roughly 30% of examinations [7, 8]. 
These errors can lead to significant clinical reper-
cussions if not corrected. Currently, advanced 
proofreading tools to detect these specific errors 
are not widely available.

Advanced artificial intelligence models, par-
ticularly ChatGPT developed by OpenAI, offer 
promising solutions to these challenges [9–11]. 
ChatGPT has demonstrated potential in various 
medical applications, including transforming 
free-text reports into structured formats, gener-
ating impression sections, and supporting diag-
nostic processes through differential diagnosis 
generation [12–17]. In ophthalmology, ChatGPT 
could revolutionize report accuracy by automati-
cally identifying and correcting common errors 
in FFA and ocular B-scan reports. This would 
reduce the burden on supervising ophthalmolo-
gists and serve as an educational tool for resi-
dent doctors [18, 19].

This study aimed to evaluate ChatGPT 4o’s 
effectiveness in auditing prevalent errors in FFA 
and ocular B-scan reports. It will assess Chat-
GPT’s accuracy in identifying laterality confu-
sions and descriptor misregistrations, compare 
its performance with different levels of oph-
thalmologists, and estimate potential time and 
cost savings. By leveraging ChatGPT’s advanced 
language processing capabilities, this research 
seeks to enhance the accuracy and efficiency 
of ophthalmic reporting, ultimately improv-
ing patient outcomes and optimizing clinical 
workflows.

METHODS

This retrospective study was approved by the 
ethics committee (Approval No. Y2023–1073), 
and the requirement for informed consent was 
waived due to its retrospective nature. All data 
provided to GPT-4o were anonymized, ensuring 
that no patient-identifying information was 
included. The study was conducted in accord-
ance with the Declaration of Helsinki (1964) and 
its later amendments. No identifiable participant 
information was included in the study, and thus, 

specific participant consent for publication was 
not required.

Study Design and Data Set

A total of 180 original ophthalmic imaging 
reports, including 100 FFA reports and 80 ocular 
B-scan ultrasound reports, covering a wide range 
of pathologic abnormalities, were collected 
from Eye Center, The Second Affiliated Hospi-
tal, School of Medicine, Zhejiang University, 
Hangzhou, Zhejiang, China, between July 2024 
and December 2024. These reports were selected 
and randomized using a freeware research data 
randomization tool (https://​www.​rando​mizer.​
org). The dataset was divided into two sets: cor-
rect and incorrect, each containing 90 reports. 
In the incorrect set, a total of 200 errors were 
deliberately introduced by an ophthalmology 
resident doctor, with a maximum of three errors 
per report (see Fig. 1).

Error Classification and Verification

The deliberate introduction of errors was 
designed to mimic common error patterns iden-
tified in prior literature (e.g., omissions, inser-
tions, misspellings) to standardize the evalu-
ation of error detection across human and AI 
reviewers. Errors were categorized into four pri-
mary types based on prior research to encompass 
the most common error types in ophthalmic 
reports [2–4]:

(a)	 Omission: The exclusion of relevant words 
or phrases, including deletions and missing 
terms related to eye laterality, lesion details, 
phase, or location (e.g., omitting “left” in a 
report describing findings in the left eye).

(b)	 Insertion: The unintentional addition of 
incorrect words or phrases, such as inap-
propriate terms, incorrect substitutions, 
or word confusions affecting eye laterality, 
lesion descriptions, phase, or location (e.g., 
inserting “right” instead of “left” eye).

(c)	 Misspelling: Spelling mistakes, includ-
ing truncated or incorrectly spelled words 
related to eye laterality, lesion, phase, or 
location (e.g., “lft” instead of “left”).

https://www.randomizer.org
https://www.randomizer.org
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(d)	 Other Errors: Errors that do not fit into the 
above categories, including incorrect date 
entries, numbering mistakes for images or 
series, unit measurement errors (e.g., cen-
timeters vs. millimeters), template errors, 
miswrites, and punctuation mistakes.

The error content specifically focused on four 
aspects: eye laterality, lesion, phase, and loca-
tion to ensure critical clinical information was 
accurately captured. Only the errors intention-
ally introduced into the reports were used as the 
reference standard. To verify that no additional 
errors were present, the reports were reviewed by 
three independent readers (Y.X, D.K., and K.J.), 
who have more than 5 years of training expe-
rience. Any discrepancies identified during the 
review were resolved through consensus among 
all three reviewers.

Error Detection and Time Measurement

Six eye care professionals with varying levels of 
clinical experience participated in evaluating the 
reports. This group included two retinal special-
ists, each with over 10 years of experience (later 
named as Experts), two general ophthalmologists, 
each with more than 5 years of experience (later 
named as Ophthalmologists), and two ophthalmic 
technicians, each with over 5 years of experience 
(later named as Technicians). Each one reviewed 
the ophthalmic imaging reports to identify poten-
tial errors. To mitigate fatigue, reviewers evaluated 
reports in sessions of 30 reports each, with man-
datory 10-min breaks between sessions. The time 
taken to evaluate each report was recorded using 
a digital stopwatch.

GPT-4o (https://​openai.​com/​resea​rch/​gpt-​4o) 
was accessed through the OpenAI application 
programming interface (https://​platf​orm.​ope-
nai.​com/​docs/​api-​refer​ence/​intro​ducti​on). The 
study used a paid version of GPT-4o to ensure 
consistent access and performance. The reports 
were organized in Microsoft Excel (version 16.8) 
and individually processed using a Python script 
(version 3.11; Python Software Foundation) via 
the API.

Similar to the human readers, GPT-4o was 
tasked with identifying potential errors in each 

report using zero-shot prompting. This approach 
involves providing GPT-4o with a single instruc-
tion without iterative refinements or examples. 
The prompt used was: “In the following, I will 
provide you with an ophthalmology report, 
divided into a ‘findings’ and an ‘impression’ sec-
tion. Please evaluate the report for mistakes and 
assess and validate the consistency between the 
‘findings’ and the ‘impression’ sections, high-
lighting any discrepancies or notable points.” 
GPT-4o flagged errors but did not automatically 
generate corrected reports, requiring human 
oversight to validate and finalize corrections.

The time required for GPT-4o to correct each 
report was measured by recording the duration 
from when the prompt was sent to when the 
final response was received. This measurement 
was conducted on 15 randomly selected reports 
of varying lengths.

Cost Analysis

For the cost analysis, the study referenced the 
2021 Annual Salary Survey Report for Chinese 
Hospitals to determine the salaries based on 
predetermined monthly working hours. Sala-
ries were extracted for each category of oph-
thalmologists, including senior ophthalmolo-
gists, attending physicians, and resident doctors. 
Costs were converted from Chinese Yuan (CNY) 
to U.S. dollars (USD) using the exchange rate as 
of January of 2025.

At the time of the study, the cost for GPT-
4o was $0.06 per 1000 tokens for prompts and 
$0.12 per 1000 tokens for overall usage. The 
total cost of evaluating the reports was calcu-
lated based on the token usage for the 15 ran-
domly selected reports analyzed. This calcula-
tion included both the cost of sending prompts 
to GPT-4o and processing the responses, ensur-
ing an accurate estimation of the financial impli-
cations of integrating GPT-4o into the reporting 
workflow.

Real‑World Evaluation

In addition to simulated error seeding, we also 
conducted a small real-world validation study. 

https://openai.com/research/gpt-4o
https://platform.openai.com/docs/api-reference/introduction
https://platform.openai.com/docs/api-reference/introduction
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We prospectively collected 20 ophthalmic diag-
nostic reports containing known errors (ten FFA 
and ten B-scan reports). Each report contained 
exactly one error, equally distributed across four 
categories: omission (n = 5), insertion (n = 5), 
spelling errors (n = 5), and other errors (n = 5). 
Reports were independently reviewed by GPT-
4o, one retinal specialist, one general ophthal-
mologist, and one ophthalmic technician. The 
number of correctly identified errors, missed 
errors, and false positives was recorded for each 
rater.

Statistical Analysis

All statistical analyses were performed using 
IBM SPSS Statistics version 26.0 and Python 
version 3.11. The primary outcomes measured 
were the number of correctly detected errors 
and the time taken to process each report. The 
number of errors correctly identified by GPT-4o 
was compared to those identified by the oph-
thalmologists using Wald χ2 tests. The Wilson 
method was employed to calculate 95% confi-
dence intervals [28]. Analyses were conducted 

for all report types combined and separately for 
FFA and ocular B-scan reports.

The average time and cost for processing 
reports corrected by GPT-4o were compared 
with those of the human readers using paired-
sample t tests. Bonferroni correction was applied 
to adjust for multiple comparisons. A two-sided 
P value of less than 0.05 was considered statisti-
cally significant. Cohen’s d was used to measure 
effect sizes for differences in processing time, 
with values of 0.2, 0.5, and 0.8 representing 
small, medium, and large effects, respectively. 
Interrater reliability was assessed using Cohen’s 
κ, categorized as follows: 0.01–0.20 (none to 
slight), 0.21–0.40 (fair), 0.41–0.60 (moderate), 
0.61–0.80 (substantial), and 0.81–1.00 (almost 
perfect agreement). Due to the exploratory 
nature of the research, a power analysis was not 
performed initially. However, a post hoc power 
analysis was conducted to determine the sam-
ple size adequacy, assuming an effect size of 0.2, 
80% power, and a 5% significance level, con-
firming that the sample of 180 reports was suf-
ficient to detect significant differences in error 
detection rates.

Fig. 1   Study flowchart. A Initially, 180 original ophthal-
mic imaging reports, including 100 fundus fluorescein 
angiography (FFA) reports and 80 ocular B-scan ultra-
sound reports, were selected. B These reports were rand-
omized into two sets: a correct set and an incorrect set, 
each containing 90 reports. Within the incorrect set, 200 
errors across four categories (omission, insertion, spelling 

errors, other errors) were deliberately introduced by an 
ophthalmology resident doctor, with a maximum of three 
errors per report. C GPT-4o and six eye care professionals 
were tasked with evaluating each report to identify poten-
tial errors, enabling a comparative analysis of their perfor-
mance
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FFA Findings: 

Dot microaneurysms observed in the retina with retinal 

detachment noted on the temporal side 

Hemorrhage obscuring fluorescence 

Capillary dilation and leakage 

Significant leakage observable on the temporal side of 

the optic disc in the late stage 

Impression: 

Diabetic retinopathy in the right eye without retinal 

detachment 

Error Analysis: 

The Impression section states that 

the right eye has diabetic 

retinopathy without retinal 

detachment. However, the FFA 

Findings do not specify the eye 

and indicate the presence of 

retinal detachment. 

Error types: 

Omission: laterality 

Insert: with vs without 

Error 1 Error 2

Expert 1 yes 

Expert 2 yes 

Technician 1: yes 

Technician 2: yes 

Ophthalmologist 

1: yes 

Ophthalmologist 

2: yes 

GPT-4o: yes 

Expert 1 no 

Expert 2 Yes 

Technician 1: yes 

Technician 2: yes 

Ophthalmologist 

1: yes 

Ophthalmologist 

2: no 

GPT-4o: yes 

FFA Findings: 

Extensive capillary non-perfusion is observed in the 

mid-peripheral and peripheral retina of the right eye, 

presenting as large areas of non-fluorescence. 

Significant fluorescein exudation is noted around the 

optic disc, along with cystoid fluorescein accumulation 

in the macula. 

Impression: 

Non-Ischemic CRVO in the Right Eye 

Error Analysis:  

The FFA finding describes 

extensive capillary non-perfusion 

and areas of non-fluorescence, 

suggesting ischemic CRVO, and " 

fluorescein exudation " is 

incorrect; it should be " 

fluorescein leakage" to accurately 

reflect the FFA findings. 

Error types: 

Insert: Ischemic vs Non-Ischemic 

Miswrite: exudation vs leakage 

Expert 1 yes 

Expert 2 no 

Technician 1: yes 

Technician 2: yes 

Ophthalmologist 

1: yes 

Ophthalmologist 

2: no 

GPT-4o: yes 

Expert 1 no 

Expert 2 yes 

Technician 1: yes 

Technician 2: no 

Ophthalmologist 

1: yes 

Ophthalmologist 

2: yes 

GPT-4o: no 

B-scan Findings: 

Reticular high echoes are observed in the subretinal 

area on the temporal side of the rght eye, accompanied 

by localized retinal elevation. The edges of the detached 

region appear irregular, indicating a possible retinal 

tear. A small amount of echoes is visible in the vitreous, 

with no significant hemorrhage detected. Additionally, 

dynamic observation shows wave-like movements of 

the detached retina when the probe angle is adjusted. 

Impression: 

Right Eye Retinal Detachment 

Error Analysis:  

In the Findings section, "rght" is a 

misspelling of "right." 

Error types: 

Misspelling: rght vs right 

Expert 1 yes 

Expert 2 yes 

Technician 1: yes 

Technician 2: yes 

Ophthalmologist 

1: yes 

Ophthalmologist 

2: yes 

GPT-4o: yes 
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RESULTS

Performance in Detecting Errors in 
Ophthalmic Reports

In the comprehensive analysis, GPT-4o achieved 
a detection rate of 79.0% (158 of 200; 95% CI 
73.0, 85.0) in total examinations, which was 
comparable to the average detection perfor-
mance of Experts (84.0% [167.5 of 200; 95% 
CI 79.0, 89.0]), Technicians (86.0% [172 of 
200; 95% CI 81.0, 91.0]), and Ophthalmolo-
gists (78.0% [155 of 200; 95% CI 72.0, 83.0]); 
P value range, 0.09–0.81. Notably, Technician 
1 outperformed GPT-4o in Total examinations 
(88.0% [176 of 200; 95% CI 83.0, 93.0] vs 79.0%; 
P = 0.02) (Figs. 2 and S1; Table 1).

Subgroup Analysis by Imaging Modality

In fundus fluorescein angiography (FFA), GPT-4o 
demonstrated a detection rate of 79.0% (100 of 
126; 95% CI 72.0, 86.0), aligning with the aver-
age performance of Experts (86.0% [108 of 126; 
95% CI 80.0, 92.0]), Technicians (87.0% [110 of 
126; 95% CI 81.0, 93.0]), and Ophthalmologists 
(78.0% [98.5 of 126; 95% CI 71.0, 85.0]); P value 
range, 0.13–0.94. Technician 1 also significantly 
outperformed GPT-4o in FFA (90.0% [113 of 126; 
95% CI 84.0, 95.0] vs 79.0%; P = 0.04).

For B-scan ultrasonography (B-SCAN), GPT-4o 
attained a detection rate of 78.0% (58 of 74; 95% 
CI 78.0, 78.0), which was similar to the aver-
age detection rates of Experts (80.0% [59.5 of 
74; 95% CI 80.0, 80.0]), Technicians (84.0% [62 
of 74; 95% CI 84.0, 84.0]), and Ophthalmolo-
gists (76.0% [56.5 of 74; 95% CI 76.0, 76.0]); 
P value range, 0.53–0.92 (Table S1). Technician 
performance was also evaluated, with Techni-
cian 1 achieving a detection rate of 86% (64 

of 74; 95% CI 78.0, 94.0; P = 0.28 compared to 
GPT-4o), confirming their superior performance 
across modalities.

Error Categories

GPT-4o was less effective than the top-perform-
ing Expert in identifying omission errors (detec-
tion rate, 75% [51 of 68; 95% CI 65, 85] vs 83% 
[56.5 of 68; 95% CI 74, 92]; P = 0.34) (Table S1). 
However, there was no significant difference 
between GPT-4o and the other Experts, Techni-
cians, and Ophthalmologists in detecting omis-
sion errors (P value range, 0.28–0.40).

For misspelling errors, GPT-4o achieved a 
detection rate of 79% [49 of 62; 95% CI 69, 89], 
which was not significantly different from Oph-
thalmologists (79% [49 of 62; 95% CI 69, 89]; 
P = 1.00) but was lower than Experts (83% [51.5 
of 62; 95% CI 74, 92]; P = 0.73) and Technicians 
(88% [54.5 of 62; 95% CI 80, 96]; P = 0.28).

In detecting insertion errors, GPT-4o had 
a detection rate of 84% [42 of 50; 95% CI 74, 
94], which was comparable to Experts (84% [42 
of 50; 95% CI 74, 94]; P = 1.00) but lower than 
Technicians (91% [45.5 of 50; 95% CI 83, 99]; 
P = 0.45) and higher than Ophthalmologists 
(80% [40 of 50; 95% CI 69, 91]; P = 0.79).

For other types of errors, GPT-4o achieved a 
detection rate of 80% [16 of 20; 95% CI 62, 98], 
which was similar to Technicians (80% [16 of 20; 
95% CI 62, 98]; P = 1.00) and Ophthalmologists 
(78% [15.5 of 20; 95% CI 59, 96]; P = 1.00) but 
was lower than Experts (88% [17.5 of 20; 95% CI 
73, 102]; P = 0.83) (Table S1). Overall, there was 
no significant difference between GPT-4o and 
the other ophthalmologists in detecting errors 
across different report categories (P value range, 
0.28–1.00) (Table S1).

GPT-4o demonstrated a false-positive error 
rate of 5.6% (10 of 180). When compared to 
human readers, GPT-4o’s false-positive rate was 
significantly higher than that of Expert 2 (1.1% 
[2/180]; P = 0.04*) and both Technician 1 and 
Technician 2 (1.1% [2/180] each; P = 0.04*). The 
Average Technician also exhibited a significantly 
lower false-positive of 1.1% (2/180; P = 0.04*) 
compared to GPT-4o. In contrast, the false-pos-
itive for Expert 1 (1.7% [3/180]; P = 0.09), the 

Fig. 2   Comparative proofreading examples by GPT-4o 
and the human readers illustrate incorrect ophthalmic 
reports with their respective errors and error types, along-
side the corresponding proofreading outcomes. FFA fun-
dus fluorescein angiography, B-scan ocular B-scan ultra-
sound

◂
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Average Expert (1.4% [2.5/180]; P = 0.06), Oph-
thalmologist 1 (2.2% [4/180]; P = 0.17), Ophthal-
mologist 2 (1.7% [3/180]; P = 0.09), and the Aver-
age Ophthalmologist (1.9% [3.5/180]; P = 0.13) 
did not differ significantly from that of GPT-4o 
(Table S2). The higher false-positive rate of GPT-
4o may be attributed to its sensitivity to subtle 
linguistic variations.

Interrater Agreement

Agreements among human raters ranged from 
slight to substantial, with most falling between 
fair and moderate. Notably, there was substantial 
agreement between the two ophthalmologists 
and between Expert 1 and Ophthalmologist 1, 
while lower agreements among certain experts 
and technicians highlighted variability in inter-
rater reliability across different professional roles. 
GPT-4o exhibited fair to substantial agreement 
with human raters, showing the highest consist-
ency with Expert 1 (κ = 0.57) and both ophthal-
mologists (κ = 0.45 and κ = 0.47), whereas lower 
agreement levels with Expert 2 and the techni-
cians suggest areas for improvement in GPT-4o’s 
performance relative to these raters (Table 2).

Reading Time

GPT-4o was markedly faster in processing all 180 
ophthalmic reports compared to human oph-
thalmologists. The total reading time for GPT-4o 
was approximately 0.27 h. In contrast, the fast-
est ophthalmologist completed the 180 reports 
in approximately 2.17 h, and the slowest took 
around 3.19 h (Fig. 3A). The average time taken 
by GPT-4o to review each ophthalmic report was 
significantly shorter than that of the quickest 
human ophthalmologist (mean reading time, 
5.33  s ± 2.24 [SD] vs 41.96  s ± 7.64; P < 0.001; 
Cohen’s d = − 4.96) (Fig. 3B; Table S3).

Cost Analysis

GPT-4o incurred significantly lower mean costs 
per ophthalmic report compared to all human 
readers. The mean cost per report for GPT-4o 
was $0.03 ± 0.01, whereas Experts averaged 
$0.24 ± 0.04, Technicians $0.16 ± 0.03, and Oph-
thalmologists $0.23 ± 0.05 (all P < 0.001; Cohen d 
ranging from − 3.13 to − 5.95) (Table S3).

The estimated average cost for proofreading 
all 180 ophthalmic reports by the six human 
reviewers was $37.46. This includes an average 

Table 1   Error detection rate analysis: GPT-4o versus ophthalmologists  (*P < 0.05)

Reader Total FFA B-SCAN

Detection rate (%) P Detection rate (%) P Detection rate (%) P

Expert 1 86 (81–90) 171/200 0.12 87 (81–92) 109/126 0.18 84 (84–84) 62/74 0.53

Expert 2 82 (77–87) 164/200 0.53 85 (79–91) 107/126 0.32 77 (77–77) 57/74 > 0.99

Average expert 84 (79–89) 167.5/200 0.27 86 (80–92) 108/126 0.25 80 (80–80) 59.5/74 0.92

Technician 1 88 (83–93) 176/200 0.02* 90 (84–95) 113/126 0.04* 85 (85–85) 63/74 0.39

Technician 2 84 (79–89) 168/200 0.25 85 (79–91) 107/126 0.32 82 (82–83) 61/74 0.68

Average technician 86 (81–91) 172/200 0.09 87 (81–93) 110/126 0.13 84 (84–84) 62/74 0.53

Ophthalmologist 1 77 (71–83) 154/200 0.72 79 (71–86) 99/126 1 74 (74–74) 55/74 0.7

Ophthalmologist 2 78 (72–84) 156/200 0.9 78 (71–85) 98/126 0.88 78 (78–78) 58/74 > 0.99

Average ophthalmologist 78 (72–83) 155/20 0.81 78 (71–85) 98.5/126 0.94 76 (76–76) 56.5/74 0.92
GPT-4o 79 (73–85) 158/200 79 (72–86) 100/126 78 (78–78) 58/74
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cost of $43.07 per retinal specialists, $28.24 
per ophthalmic technicians, and $41.07 per 
ophthalmologist.

In sharp contrast, GPT-4o incurred a total 
cost of only $4.8 for proofreading the same set 
of reports (Fig. 3C). On a per-report basis, the 
total estimated average cost for proofreading one 
ophthalmology report by the six human review-
ers was $0.21. Specifically, the average cost per 
retinal specialists was $0.24, per ophthalmic 
technicians was $0.16, and per ophthalmolo-
gist was $0.23.

Comparatively, GPT-4o required only $0.03 
per report. The mean cost per report for GPT-4o 
was significantly lower than that of the most 
economical human ophthalmologist (mean 
cost per report, $0.03 ± 0.01 vs $0.16 ± 0.03, 
respectively; P < 0.001; Cohen’s d = − 5.26) 
(Fig. 3D).

Real‑World Evaluation

In this real-world validation set of 20 erroneous 
reports, GPT-4o detected 18 of 20 errors (sen-
sitivity 90%) with no false positives. Both the 
retinal specialist and ophthalmic technician 
identified all 20 errors (100% sensitivity, no false 
positives), whereas the general ophthalmologist 
detected 19 errors (95% sensitivity) with no false 
positives (Table S4).

DISCUSSION

This study aimed to assess ChatGPT’s effective-
ness in identifying common errors and discrep-
ancies in FFA and B-scan reports and to evaluate 
its potential in reducing both time and associ-
ated costs. To achieve this, ChatGPT’s perfor-
mance in detecting a set of predefined errors 
within a collection of ophthalmology reports 
was compared against that of six eye care profes-
sionals (two retinal specialists, two general oph-
thalmologists, and two ophthalmic technicians) 
with varying levels of experience.

Overall, GPT-4o’s detection rates in Total 
examinations and FFA were comparable to those 
of Experts and Technicians, except Technician 
1, who significantly outperformed the AI model 
in these modalities. In B-scan examinations, 
GPT-4o’s performance was on par with all reader 
categories, including Experts, Technicians, and 
Ophthalmologists. These findings indicate that 
while GPT-4o performs similarly to most human 
readers, certain experienced technicians exhibit 
superior detection capabilities in specific diag-
nostic modalities. This outperformance by Tech-
nician 1 may be due to their extensive experi-
ence with report-specific terminology and error 
patterns. Additionally, GPT-4o demonstrated 
a significantly faster processing time than all 
human readers, highlighting its efficiency in 
handling report reviews. From a cost perspective, 

Table 2   Interrater reliability between GPT-4o and ophthalmologists

Reader Expert 1 Expert 2 Technician 1 Technician 2 Ophthal-
mology 1

Ophthal-
mology 2

GPT-4o

Expert 1 0.51 0.50 0.28 0.59 0.45 0.57

Expert 2 0.51 0.34 0.08 0.36 0.25 0.36

Technician 1 0.50 0.34 0.50 0.46 0.37 0.32

Technician 2 0.28 0.08 0.50 0.24 0.19 0.21

Ophthalmologist 1 0.59 0.36 0.46 0.24 0.63 0.45

Ophthalmologist 2 0.45 0.25 0.37 0.19 0.63 0.47
GPT-4o 0.57 0.36 0.32 0.21 0.45 0.47
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digital technology-driven hierarchical screen-
ing proved to be substantially more economical 
than human reviewers when considering both 
total and per-report expenses [20]. Our results 
complement recent evidence from bilingual 
ophthalmology reasoning tasks, where Deep-
Seek-R1 and other state-of-the-art LLMs dem-
onstrated strong diagnostic and management 
accuracy, further highlighting the potential of 

advanced models to support complex clinical 
decision-making [21, 22].

GPT-4o demonstrated exceptional efficiency 
in both reading time and cost per ophthalmic 
report. The AI model processed all reports in a 
fraction of the time required by human oph-
thalmologists and did so at a substantially lower 
cost. These findings highlight GPT-4o’s poten-
tial to significantly enhance workflow efficiency 

Fig. 3   A Bar graph displaying total reading time in sec-
onds for GPT-4o and human readers. B Violin plot illus-
trating reading time per ophthalmic report in seconds. C 
Bar graph presenting total cost in U.S. dollars for GPT-4o 

and human readers. D Violin plot showing cost per oph-
thalmic report in U.S. dollars. Dashed lines represent medi-
ans and dotted lines indicate quartiles. ***P < 0.001
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and reduce operational expenses in clinical oph-
thalmology settings, making it a valuable tool 
for rapid and cost-effective report analysis. This 
underscores the potential for artificial intelli-
gence to streamline ophthalmology workflows 
beyond the realm of image interpretation [23]. 
In terms of time efficiency, the findings are 
consistent with other research exploring the 
integration of large language models into oph-
thalmologic practices [24, 25]. When employed 
as a proofreading tool, GPT-4o not only main-
tains performance levels comparable to human 
reviewers but also offers significant cost sav-
ings, primarily due to reduced time investment 
and lower operational costs. Moreover, unlike 
human reviewers whose performance may 
decline under multitasking demands or dur-
ing off-hours shifts, GPT-4o provides consist-
ent and reliable performance [26]. As AI algo-
rithm costs decrease, its cost-effectiveness will 
improve, making it increasingly viable for clini-
cal use. This is especially true in regions with 
high labor costs, where GPT-4o can significantly 
reduce operational expenses by performing tasks 
consistently and efficiently. Additionally, GPT-
4o can serve as an educational tool for training 
resident doctors by identifying common errors 
and providing real-time feedback. Our find-
ings are consistent with recent work in medical 
laboratory reporting, where GPT models also 
demonstrated high accuracy in error detection 
and substantial agreement with senior experts, 
underscoring the broader applicability of LLMs 
across diverse clinical reporting domains [27]. 
Overall, the integration of AI in ophthalmology 
could streamline workflows, enhance produc-
tivity, and lower costs, particularly in high-cost 
labor environments.

This preliminary real-world validation high-
lights that ChatGPT-4o can achieve high sen-
sitivity (90%) in detecting naturally occur-
ring report errors across multiple modalities, 
with performance approaching that of human 
experts. Notably, no false positives were 
observed. However, the small sample size and 
restriction to single-error reports limit gener-
alizability. Larger multi-center datasets will be 
necessary to better stratify performance across 

error types and to assess whether real-world 
error detection aligns with the simulated error 
seeding framework [28, 29].

However, this study is not without limita-
tions. Firstly, it was conducted in an experimen-
tal setting using a predefined set of reports, some 
of which contained deliberately introduced 
errors. While these errors were based on com-
mon patterns identified in existing literature, 
the categorization may not encompass the full 
range of errors present in real-world ophthal-
mology reports. Therefore, the diversity and fre-
quency of errors in actual clinical practice might 
differ from those represented in this study. The 
use of deliberately introduced errors limits the 
study’s immediate applicability to real-world 
settings, where error patterns may be more var-
ied and less predictable. Secondly, the assess-
ment of time savings did not include a direct 
comparison between uncorrected and GPT-4o 
corrected reports to avoid potential bias from 
insufficient blinding of the reviewers. Thirdly, 
the cost analysis does not account for the addi-
tional expenses associated with integrating a 
large language model into clinical workflows, 
such as infrastructure and data security meas-
ures. These costs include server maintenance, 
electricity, and software licensing, which we 
estimate to be minimal but acknowledge as a 
limitation. Furthermore, the error detection 
capabilities of GPT-4o necessitate human over-
sight for validation, which is both a practical 
requirement and a legal obligation. GPT-4o flags 
errors but does not produce corrected reports, 
requiring human intervention to finalize cor-
rections. Lastly, the experimental nature of the 
study may have introduced a Hawthorne effect, 
where participants altered their behavior due to 
awareness of being observed, potentially inflat-
ing the error detection rates compared to typical 
clinical settings [30]. To mitigate this, reviewers 
were not informed that their performance would 
be compared to AI until after the study. Addi-
tionally, the study did not explore the impact 
of domain-specific fine-tuning of GPT-4o or its 
seamless integration into existing clinical work-
flows, leaving these aspects for future research 
[31].
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CONCLUSIONS

This study demonstrates that ChatGPT-4o is 
a highly efficient and cost-effective tool for 
auditing errors in ophthalmic imaging reports, 
achieving detection rates comparable to human 
reviewers while significantly reducing processing 
time and costs. Despite its higher false-positive 
rate compared to some human reviewers, its 
speed and cost advantages make it a promising 
adjunct tool in clinical workflows. By address-
ing common errors in FFA and B-scan reports, 
ChatGPT has the potential to enhance report 
accuracy, streamline workflows, and serve as an 
educational tool for residents resident doctors. 
However, its application in real-world settings 
requires further validation to ensure generaliza-
bility and seamless integration into clinical prac-
tice, which we plan to address in future studies.
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