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Abstract

Purpose: To evaluate the performance of ChatGPT-40 and Gemini 2.5 Pro in
detecting more-than-mild diabetic retinopathy (mtmDR) from fundus photography
(FP) and diabetic macular edema (DME) from optical coherence tomography (OCT)
using publicly available datasets.

Methods: A custom GPT (powered by ChatGPT-40) was created and instructed to
follow the LumineticsCore™ (IDx-DR) screening criteria for mtmDR, defined as an
ETDRS level = 35 and/or clinically significant diabetic macular edema (CSDME).
Gemini 2.5 Pro was evaluated with the same criteria. Performance on FPs was
assessed using 2 publicly available datasets: MESSIDOR-2 (n = 106; 66 mtmDR, 40
no mtmDR) and EyePACS (n =99; 56 mtmDR, 43 non-mtmDR). To assess detection
of DME, a separate OCT dataset (n = 48; 24 DME, 24 normal) was used to evaluate
identification of intraretinal and/or subretinal fluid. Sensitivity, specificity, positive
predictive value, and negative predictive value for detecting mtmDR on FP and
DME on OCT were calculated for each multimodal large language model (LLM).
Results: On MESSIDOR-2 (n = 106), ChatGPT-40 achieved a sensitivity of 90.77%,
specificity of 97.50%, PPV of 98.33%, and NPV of 86.67% for mtmDR detection.
Gemini 2.5 Pro achieved a sensitivity of 80.30%, specificity of 97.50%, PPV of
98.15%, and NPV of 75.00%. On EyePACS (n = 99), ChatGPT-40 demonstrated a
sensitivity of 94.64%, specificity of 86.05%, PPV of 89.83%, and NPV of 92.50%,
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while Gemini 2.5 Pro achieved a sensitivity of 89.29%, specificity of 88.37%, PPV
of 90.91%, and NPV of 86.36%. For OCT-based DME detection (n =48), ChatGPT-40
achieved a sensitivity of 95.83%, specificity of 100%, and PPV of 100%, while Gemini
2.5 Pro achieved a sensitivity of 95.83%, specificity of 95.65%, PPV of 95.83%, and
NPV of 95.65%.

Conclusion: ChatGPT-40 and Gemini 2.5 Pro demonstrated high performance
in detecting mtmDR and DME across multiple publicly available datasets. These
findings support the potential of multimodal LLMs as cost-effective and accessible
tools for diabetic retinopathy screening. Further validation in larger, more diverse
real-world datasets is warranted.

Keywords: artificial intelligence, ChatGPT, diabetic retinopathy, Gemini, multimodal
large language model

Introduction

Diabetic retinopathy (DR) is a microvascular complication of diabetes mellitus
characterized by progressive damage to the retinal vasculature, manifesting as
microaneurysms, intraretinal hemorrhages, capillary nonperfusion, retinal edema,
and, in advanced stages, neovascularization and fibrous tissue proliferation.'?
These pathologic changes can lead to sight-threatening complications, including
diabetic macular edema (DME), tractional retinal detachment, and neovascular
glaucoma, which may resultinirreversible vision loss if left untreated. Screening for
DR is essential as the condition is often asymptomatic in its early stages allowing
for timely therapeutic intervention, which can prevent or significantly reduce the
risk of vision loss. Studies have shown that up to 90% of severe vision impairment
can be avoided when retinopathy is identified and treated promptly.>®

Artificial intelligence (Al) is playing an increasingly prominent role in the
screening of DR, primarily through the automated analysis of retinal fundus images
to identify referable or vision-threatening stages of the disease. Several Al-based
systems, such as LumineticsCore™ (Digital Diagnostics, Coralville, IA, USA; formerly
IDx-DR), have demonstrated high diagnostic accuracy and are now recognized as
viable alternatives to conventional manual grading performed by ophthalmolo-
gists.’

Multimodal large language models (LLMs) are also more frequently integrated
into various aspects of medicine, including the management of DR, where they
function as adjunct tools for clinical decision support, medical documentation,
and patient care. In the context of DR, LLMs have been combined with image-based
deep learning systems to aid primary care providers in screening and disease
management. Such integration has been associated with improved diagnostic
accuracy forreferable DR as well as greater patient adherence to follow-up referrals
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and self-management practices in real-world settings.® Additionally, LLMs facilitate
the automated extraction and classification of DR severity from unstructured
clinical texts, thereby streamlining data annotation processes and supporting
the development of more efficient and adaptable image classification models.”
Although multimodal LLMs such as ChatGPT and Gemini were originally designed
for text-based tasks, recent advancements have enabled analysis and interpreta-
tion of images alongside textual data.

In this study, we evaluated the performance of ChatGPT-40 and Gemini 2.5 Pro
in DR screening using publicly available datasets of fundus photographs (FPs) and
optical coherence tomography (OCT) images.

Methods

This study was conducted in January 2025 in accordance with the principles of
the Declaration of Helsinki. Institutional review board approval was not required
because only publicly available datasets were used.

Datasets
Three publicly available retinal imaging datasets were utilized:

1. The Messidor-2 dataset (Methods to Evaluate Segmentation and Indexing
Techniques in the Field of Retinal Ophthalmology) comprises 1,748 FPs
collected from 3 ophthalmic departments in France. Images were acquired
usinga Topcon TRCNW6 non-mydriatic camerawith a digital video recording
system, with image resolution ranging from 1440 x 960 pixels to 2304 x 1536
pixels. Each image was graded for DR severity on a 5-point scale (0 =no DR,
1=mild NPDR, 2 = moderate NPDR, 3 = severe NPDR, 4 = PDR).%*°

2. The EyePACS dataset was obtained from the Kaggle Diabetic Retinopathy
Detection challenge and contains 71,054 color FPs collected in the United
States. Images were captured using various devices, including Centervue
DRS, Optovue iCam, Canon CR1/DGi/CR2, and Topcon NW cameras, with
resolutions ranging from 433 x 289 pixels to 5184 x 3456 pixels. All images
were labeled according to DR severity using the same 5-grade scale as
Messidor-2.10-12

3. A publicly available OCT dataset13 was also used, consisting of 108,312
images categorized into choroidal neovascularization (CNV, n = 37,206),
diabetic macular edema (DME, n = 11,349), drusen (n = 8,617), and normal
(n = 51,140) classes. For this study, only images from the DME and normal
groups were included. An equal number of images were randomly selected
from each group for evaluation. To minimize selection bias, we used the
RAND function in Excel to randomly select the images from the datasets
included in the study.
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Screening criteria

LumineticsCore™ is the first Al system authorized by the US Food and Drug Admin-
istration (FDA) and awarded the Conformité Européenne (CE) mark for the early
detection of DR. It automatically identifies more-than-mild diabetic retinopathy
(mtmDR) in adults without a prior diagnosis of the condition.

MtmDR was defined as:

1. Early Treatment Diabetic Retinopathy Study (ETDRS) level = 35 on FP, and/

or

2. clinically significant diabetic macular edema (CSDME) on FP.

Multimodal mtmDR was defined as:

1. ETDRS level=35o0n FP, and/or

2. CSDME on FP, and/or

3. center-involved diabetic macular edema (CI-DME) on OCT.*

In this study, we applied the same diagnostic criteria to evaluate the ability of
multimodal LLMs to screen for DR.

As there is currently no publicly available dataset containing both FPs and
corresponding OCT images from the same patients, we used a separate OCT
dataset to assess the ability of multimodal LLMs to detect the presence of
intraretinal or subretinal fluid.

Multimodal LLMs

A ChatGPT Plus subscription was used in this study. Under the “GPTs” section, a
custom GPT (powered by ChatGPT-40) was created using the following instruction:
“ONLY USE ORIGINAL image WITHOUT any Conversion of image to RGB/Black &
White Images/edge detection for feature extraction or determining the presence
of mtmDR. Screen DR based on the fundus photos that are uploaded. Determine if
the image has ‘mtmDR or more than mild DR’ based on the below criteria: (no need
totell the exact stage). mtmDR s defined as: 1. ETDRS (DRSS) level = (equal or more
than) 35 (determined from fundus photographs)* and/or 2. CSDME (determined
from fundus photographs) defined as: Retinal thickening at or within 500 um of the
center of the fovea, Hard exudates at or within 500 um of the center of the fovea if
adjacent to an area of retinal thickening, Retinal thickening of at least 1 disc area
any portion of which is within 1500 um (approximately 1 disc diameter) from the
center of the fovea. Use the uploaded spreadsheet for the exact ETDRS staging.”

An Excelspreadsheet detailingthe exact ETDRS DR severity scale'* was prepared
and uploaded under the Knowledge section of the custom GPT (Fig. 1).

A separate prompt, “Determine the presence of intraretinal fluid and/or
subretinal fluid on the uploaded OCT”, was used to assess the presence or absence
of intraretinal or subretinal fluid on OCT images.

A Gemini Pro subscription was also utilized for this study. Gemini 2.5 Pro was
tested with a similar prompt, but without the Excel spreadsheet detailing the
exact ETDRS staging, as custom GPT creation was not supported at the time of
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< Diabetic Retinopathy
* Draft

Create Configure

Name

Diabetic Retinopathy

Description

Screening DR

Instructions

ONLY USE ORIGINAL image WITHOUT any Conversion of image to RGB/Black & White Images/edge detection for feature extraction or

defined as:

Conversations with your GPT can potentially include part or all of the instructions provided.
Conversation starters
Please upload the fundus photo for screening. b
x
Knowledge
Conversations with your GPT can potentially reveal part or all of the files uploaded.

The following files are only available for Code Interpreter
ETDRS.xlsx (<]
Spreadsheet

Fig. 1. Custom GPT Configurations on ChatGPT-40. An Excel spreadsheet detailing the exact
ETDRS DR severity scalel5 was prepared and uploaded under the Knowledge section of the
custom GPT.

evaluation. The same prompt was also used with Gemini 2.5 Pro to assess for the
presence of fluid on OCT images.

Statistical analysis

Sensitivity, specificity, positive predictive value (PPV), and negative predictive value
(NPV) were calculated by comparing each multimodal LLM classification of FP as
mtmDR-positive or mtmDR-negative to the ground truth labels. True positives (TP)
were defined as correctly identified mtmDR-positive cases, true negatives (TN) as
correctly identified mtmDR-negative cases, false positives (FP) as cases incorrectly
labeled positive, and false negatives (FN) as cases incorrectly labeled negative.
Sensitivity was calculated as TP / (TP + FN), specificity as TN / (TN + FP), PPV as TP /
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(TP +FP),and NPV as TN /(TN + FN). All calculations were conducted using Microsoft
Excel (Microsoft Corporation, Redmond, WA, USA).

Results

In the MESSIDOR-2 dataset, 40 FPs with no DR or mild NPDR and 66 photos with
mtmDR were randomly selected and evaluated using a custom GPT model on
ChatGPT-40. On this dataset, ChatGPT-40 achieved a sensitivity of 90.77%,
specificity of 97.50%, PPV of 98.33%, and NPV of 86.67% for detecting mtmDR.
Figure 2 depicts ChatGPT-40’s response to screening of a FP from the MESSIDOR-2
dataset. In comparison, Gemini 2.5 Pro achieved a sensitivity of 80.30%, specificity
of 97.50%, PPV of 98.15%, and NPV of 75.00%. Figure 3 shows Gemini 2.5 Pro’s
response to screening of a FP from the MESSIDOR-2 dataset.

A total of 99 FPs from the EyePACS dataset were analyzed, including 43 images
without mtmDR and 56 with mtmDR. ChatGPT-40 demonstrated a sensitivity of
94.64%, specificity of 86.05%, PPV of 89.83%, and NPV of 92.50%. In comparison,
Gemini 2.5 Pro achieved a sensitivity of 89.29%, specificity of 88.37%, PPV 0f 90.91%,
and NPV of 86.36%.

| will now analyze the newly uploaded fundus image to determine if it meets the criteria for more
than mild diabetic retinopathy (mtmDR) based on the ETDRS severity scale and CSME criteria.
Please hold on while | process the image.

The analysis of the latest fundus image suggests that more than mild diabetic retinopathy
(mtmDR) is present, based on the detection of hard exudates and/or hemorrhages that meet
the ETDRS and CSME criteria.

It is recommended to consult an ophthalmologist for further evaluation and appropriate
management. Let me know if you need additional analysis or details. [-]

Fig. 2. ChatGPT-40 response to FP screening from the Messidor-2 dataset.
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1. ONLY USE ORIGINAL image WITHOUT any Conversion
of image to RGB/Black & White Images/edge detection

v

for feature extraction or determining the presence of...

4 showthinking v

Based on the analysis of the provided fundus photograph and the criteria given:

1. ETDRS (DRSS) Level: The image shows evidence of diabetic retinopathy, including what
appear to be microaneurysms/small hemorrhages and distinct hard exudates. While precisely
grading the ETDRS level from a single 2D image is challenging, the findings suggest at least
mild non-proliferative diabetic retinopathy (NPDR).

2. CSME: There are noticeable hard exudates (yellowish deposits) present, particularly
clustered near the center of the macula (the foveal area). Several of these exudates appear
to be located at or very close to (likely within 500 um of) the center of the fovea. According
to the criteria, hard exudates in this location, if associated with retinal thickening, constitute
CSME. While retinal thickening cannot be directly measured from this 2D image, the
presence of hard exudates in this pattern strongly suggests associated leakage and
thickening.

Conclusion:

The presence of hard exudates near the center of the fovea strongly suggests Clinically
Significant Macular Edema (CSME). Since mtmDR is defined as having an ETDRS level = 35
and/or CSME, the findings consistent with CSME in this image indicate the presence of mtmDR

(more than mild Diabetic Retinopathy).

Disclaimer: This analysis is based on a visual interpretation of a single fundus photograph
according to the provided criteria. It is not a substitute for a comprehensive eye examination and
diagnosis by a gualified ophthalmologist or optometrist. Accurate assessment of diabetic
retinopathy and macular edema often requires specialized imaging (like OCT) and clinical
examination.

Fig. 3. Gemini 2.5 Pro response to FP screening from the Messidor-2 dataset.
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For the OCT dataset, 24 OCT images with DME—defined as the presence of
subretinal or intraretinal fluid—and 24 normal OCT images were randomly selected
and evaluated by both ChatGPT-40 and Gemini 2.5 Pro. ChatGPT-40 detected
DME with a sensitivity of 95.83%, specificity of 100%, and PPV of 100% (Fig. 4),
while Gemini 2.5 Pro achieved a sensitivity of 95.83%, specificity of 95.65%, PPV of
95.83%, and NPV of 95.65% for the detection of DME (Fig. 5).

Table 1 summarizes the screening performance of ChatGPT-40 and Gemini 2.5
Pro for DR utilizing the 3 different datasets.

Determine the presence of intraretinal fluid and/or subretinal fluid on

Determine the presence of intraretinal luid and/or subretinal uid on the uploaded OCT

the uploaded OCT

In this OCT image:
In this OCT image:

« Intraretinal fluid (IRF): Present — There are clear hyporeflective (dark) cystic spaces within the

e IRF): —Th 1z h
ntraretinal luid (IRF): Not detected —The retinal layers appear intact without any cystic or retinal layers, particularly within the outer retina, which are consistent with IRF.

hyporeflective spaces suggestive of intraretinal fluid.
i : « Subretinal fluid (SRF): Not detected — There is no visible hyporeflective separation between the
+ Subretinal fluid (SRF): Not detected — There is no hyporeflective space between the neurosensory neurosensory retina and the underlying retinal plgment epitheliam (RPE), which would indicate SRF.
retina and the retinal pigment epithelium (RPE).

§ Conclusion:
Conclusion:

« Intraretinal fluid: Present
« Intraretinal fluid: Absent

« Subretinal fluid: Not detected

- Subretinal fluid: Absent

Fig. 4. (A) Evaluation of a normal OCT by ChatGPT-4o. (B) Evaluation of an OCT with IRF and
SRF by ChatGPT-4o0.

A

Determine the presence of intraretinal fluid and/or subretinal

Determine the presence of intraretinal fluid and/or subretinal
fluid on the uploaded OCT

fluid on the uploaded OCT

4 Showthinking v
4 Showthinking v

Based on the analysis of the uploaded OCT image, there is clear evidence of both intraretinal

Based on the analysis of the provided OCT image, there is no evidence of intraretinal fluid or
fluid and subretinal fluid.

subretinal fluid.
+ Intraretinal Fluid (IRF): The image shows significant intraretinal fluid, characterized by the
The OCT scan displays a normal foveal contour with distinct and well-defined retinal layers. There . N N
+ Intraretinal Fluid (IRF): The image shows significant intraretinal fuid, characterized by the
are no hyporeflective (dark) cystoid spaces within the neuroretina that would indicate intraretinal
fluid, nor is there any separation or fluid accumulation between the neurosensory retina and the
retinal pigment epithelium (RPE) that would signify subretinal fluid

large, dark, cyst-like spaces within the layers of the retina, particularly in the macular region.
This condition is often referred to as cystoid macular edema

« Subretinal Fluid (SRF): There is also evidence of subretinal fluid, which appears as a shallow,
dark (hyporeflective) space between the neurosensory retina and the underlying retinal
pigment epithelium (RPE). This indicates a separation of these layers due to fluid
accumulation.

Fig. 5. (A) Evaluation of a normal OCT by Gemini 2.5 Pro. (B) Evaluation of an OCT with intra-
retinal fluid and subretinal fluid by Gemini 2.5 Pro.
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Table 1. Screening performance of custom GPT and Gemini 2.5 Pro

gg‘?om 30/30 | 9/10 | 21/25 | 18/20 | 21/21 | 16/20 | 21/23 | 11/11 | 22/25 | 20/20 | 24/24 | 23/24
Gemini
S apre | 29/30 | 10710 | 18/25 | 18/20 | 18/21 | 16/20 | 22/23 | 9/11 | 22/25 | 19/20 | 23/24 | 23/24

DR: diabetic retinopathy; NPDR: non-proliferative diabetic retinopathy; Mod: moderate; Sev:
severe; IRF: intraretinal fluid; SRF: subretinal fluid

Discussion

The global prevalence of diabetes has risen dramatically over recent decades, with
an estimated 462 million adults affected in 2019 projected to reach 700 million by
2045.*¢ The prevalence of DR closely parallels the increasing incidence of diabetes
worldwide with estimates that 22%-35% of individuals with diabetes have DR, and
6%-10% have vision-threatening DR.%¢8 In 2020, over 100 million adults globally
were living with DR, a figure expected to surpass 160 million by 2045, positioning
DR as a major global public health concern.'” The highest prevalence of DR has been
reported in Africa and the Caribbean, while the lowest rates are seen in South and
Central America, highlighting significant disparities by ethnicity and region.*¢*

DR remains a leading cause of vision loss among working-age adults worldwide,
underscoring the critical need for regular screening to mitigate irreversible visual
impairment.' As DR can be asymptomatic until advanced stages, annual screening is
recommended by both the American Academy of Ophthalmology and the American
Diabetes Association to prevent or reduce the risk of vision loss.!

Despite these well-established guidelines, widespread and timely DR screening
remains a significant challenge, particularly in underserved and resource-limit-
ed settings. Barriers such as limited access to ophthalmologists, high costs, and
logistical and structural barriers contribute to suboptimal screening rates. In the
United States, only approximately 60% of patients receive annual screening, with
even lower rates observed in low-income and minority populations.*#2°

Al has become an important tool in DR screening, enabling automated and
consistent analysis of retinalimages. The American Diabetes Association recognizes
FDA-approved Al systems, including LumineticsCore™, EyeArt,and AEYE-DS as alter-
natives to traditional screening, if image quality is sufficient and abnormal findings
are referred appropriately.!

Development of these systems requires extensive data collection, algorithm
training, and clinical validation, resulting in high initial and ongoing costs.*
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Performance limitations also exist, as most algorithms are trained and validated
on FPs from specific imaging devices, which can reduce diagnostic accuracy when
applied to images from other devices or in different clinical settings. Real-world
studies have demonstrated that algorithm sensitivity and specificity can vary
across populations and imaging platforms, highlighting the need for rigorous
external validation before widespread adoption.?>?3

Further, financial barriers are substantial. The LumineticsCore™ system, for
example, is available via a considerable one-time purchase cost (~US$13,000),
capital leasing, or a no-capital expenditure model requiring a minimum number
of quarterly exams. Regardless of the model, a fixed US$25 fee is charged per
patient screened. The 2020 national average Medicare reimbursement was
US$23.82, resulting in a negative margin for practices.??* This cost misalignment,
combined with the need for compatible imaging hardware and staff training, limits
widespread adoption, especially in primary care and resource-limited settings.?:?

Multimodal LLMs are increasingly being explored for medical image analysis,
including diabetic DR screening. Unlike current Al systems, which are primarily
based on deep learning models trained to classify FPs, multimodal LLMs offer
the potential to integrate multimodal data, combining image interpretation with
clinical context, patient history, and natural language explanations. Recent work
demonstrates that, when paired with image-based deep learning modules, LLMs
cannot only match or exceed the diagnostic accuracy of primary care physicians
for referable DR, but also generate individualized management recommendations
and improve patient adherence to follow-up, as shown in the DeepDR-LLM system.®

Multimodal LLMs can provide flexible, context-aware outputs, such as generating
patient-friendly summaries, and tailored recommendations for different users,
which current image-only Al systems cannot achieve. Furthermore, multimodal
LLMs may be more generalizable to new populations, imaging devices, and clinical
settings, potentially overcoming the scalability and device-dependence limitations
of current Al-based image analysis systems.? LumineticsCore™ is approved for use
exclusively with the Topcon NW400 fundus camera while the fundusimage datasets
used in our study were acquired using a variety of camera models, suggesting that
multimodal LLMs may be inherently more flexible and not restricted to a particular
imaging device.

Multimodal LLMs, such as ChatGPT and Gemini, have become increasingly
accessible, with their advanced capabilities available through subscriptions for
nominal cost (approximately US$20 per month). These models support multimodal
inputs, enabling the interpretation of both textual and visual data, including
medical images. Although their use in language tasks has been extensively
studied, their application to ophthalmic image interpretation, especially in fundus
photography, remains underexplored.

In the current study, we evaluated the performance of ChatGPT-40 and Gemini
2.5 Pro using 2 publicly available datasets of FP and 1 open-access dataset of
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optical OCT images. For context, the pivotal trial leading to the FDA approval
of LumineticsCore™ reported a sensitivity of 87.2% (95% Cl: 81.8-91.2%) and a
specificity of 90.7% (95% Cl: 88.3-92.7%) for detecting mtmDR.?" In evaluating
the Messidor-2 dataset, ChatGPT-40 demonstrated a sensitivity of 90.77% with a
specificity of 97.50%, while Gemini 2.5 Pro achieved a sensitivity of 80.30% and a
similar specificity of 97.50%. In utilizing the EYEPACS dataset, ChatGPT-40 achieved
a sensitivity of 94.64% and a specificity of 86.05%, whereas Gemini 2.5 Pro demon-
strated a sensitivity of 89.29% and a specificity of 88.37%. A prior study by Aftab
et al. reported that the general model of ChatGPT-4 achieved a high sensitivity of
96.2% but a low specificity of 19.1% in detecting mtmDR. Their analysis was based
on a publicly available retinal image dataset (PACS, Joint Shantou International
Eye Centre) hosted on Kaggle.”® In contrast, the high sensitivity and specificity
observed in our study may be attributable to differences in prompt engineering,
made possible by a custom GPT model instructed with detailed diagnostic criteria
aligned with those used by LumineticsCore™, including the ETDRS DR severity
scale.

In addition to FPs, LLM performance was evaluated for the detection of DME
using OCT images, defined by the presence of any subretinal or intraretinal
fluid. Among 24 DME-positive and 24 normal OCT images, ChatGPT-40 achieved
a sensitivity of 95.83% and specificity of 100%, while Gemini 2.5 Pro achieved a
sensitivity of 95.83% and specificity of 95.65%.

In our findings, one important factor that likely influenced performance was the
way the models were instructed. The custom ChatGPT-40 setup used a detailed
prompt along with the ETDRS staging spreadsheet, which provided specific
guidance on how to judge disease severity. Gemini 2.5 Pro, in contrast, was limited
to the prompt alone. This difference suggests that the way a model is prompted,
and whether it has access to structured clinical information, can meaningfully
affect results rather than the model itself being the only determinant.

Recent work has shown similar patterns, with studies reporting that more
structured and clinically focused prompts improve accuracy compared with
simple or generic instructions. This supports the idea that prompt design and
the inclusion of relevant clinical criteria may help LLMs perform more reliably in
medical screening tasks.?® As LLMs continue to develop, prompt optimization and
access to clear reference criteria may become an important part of their use in
clinical workflows. Future studies should explore standardized prompts, knowl-
edge-based support tools, and other approaches to make performance more
consistent across different platforms.

Our study has several limitations. Because of uncertainty around HIPAA
compliance and data security with commercial LLMs, we restricted our analysis to
publicly available datasets and did not evaluate the models on internal, real-world
clinical images. As a result, it is unclear how well these findings would translate to
our own patient population, where image quality, disease severity, and imaging
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devices may differ. The relatively small sample size further limits generalizability,
and we did not assess performance across different stages of DR or DME, which
could influence accuracy. In addition, the FPs and OCT images were drawn from
separate datasets rather than paired images from the same patients, so we could
only evaluate each modality independently rather than reflecting true multimodal
use in clinical practice. Another limitation is that we did not perform a true head-
to-head comparison between Gemini 2.5 Pro and ChatGPT-40, as ChatGPT-40
supported custom GPT creation with external knowledge files, including the ETDRS
spreadsheet, while Gemini 2.5 Pro did not offer an equivalent feature at the time
this study was conducted. It is also worth noting that the reported performance
of LumineticsCore was based on a different dataset, so direct comparison with
our results should be interpreted cautiously. Finally, LLM performance can vary
based on prompt design, highlighting the need for more standardized approaches
in future studies. Larger, more diverse, and paired FP-OCT datasets, ideally from
real clinical settings, will be important to better validate these findings and assess
practical implementation.

Conclusions and future perspectives

In conclusion, the results of this study suggest that LLMs, if compliant with HIPAA
regulations and data security standards, may provide a cost-effective solution
for DR screening, with diagnostic accuracy comparable to that of FDA-approved
Al algorithms. Future directions include integrating these models with handheld
or smartphone-based retinal imaging devices, which hold promise for expanding
access to DR screening, particularly in underserved or resource-limited settings.
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