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Abstract

Objectives: This study evaluated the clinical utility of a multimodal large language model-based artificial intelligence (AI) 
model in predicting postoperative visual outcomes following full-thickness macular hole (FTMH) surgery using the invert-
ed internal limiting membrane (ILM) flap technique.
Methods: A retrospective analysis was conducted on 45 patients who underwent pars plana vitrectomy for FTMH at a 
tertiary eye care center between January 2021 and December 2023. Preoperative optical coherence tomography (OCT) 
images, demographic data, and clinical parameters were analyzed using the AI model to predict best-corrected visual acuity 
(BCVA) at four postoperative time points. The predicted BCVA values were then compared with actual clinical outcomes.
Results: Preoperatively, the mean AI-predicted BCVA was 1.13±0.20 logMAR compared with the actual value of 
1.24±0.33 logMAR (p=0.192). At 6 months, the predicted BCVA was 0.65±0.20 logMAR versus the actual value of 
0.67±0.25 logMAR (p=0.528), and at 12 months, it was 0.47±0.17 logMAR versus 0.55±0.27 logMAR (p=0.155). However, 
at 7 days postoperatively, the model significantly overestimated visual impairment, predicting 1.37±0.28 logMAR versus 
the actual value of 1.07±0.33 logMAR (p<0.001). Spearman correlation analysis showed the strongest association between 
AI-predicted and actual BCVA at 6 months (rₛ=0.5885, p<0.001), with a moderate correlation at 12 months (rₛ=0.4156, 
p=0.005), a weak correlation preoperatively (rₛ=0.3029, p=0.043), and no significant correlation at 7 days (rₛ=0.1949, 
p=0.199).
Conclusion: These findings demonstrate the model’s potential as a supportive tool for visual outcome prediction after 
FTMH surgery. The AI platform showed clinically relevant predictive performance for preoperative and later postoperative 
visual outcomes after FTMH surgery, particularly at 6 and 12 months, but was less reliable in the early postoperative period.
Keywords: Artificial intelligence, deep learning model, full-thickness macular hole, internal limiting membrane flap, 
multimodal large language model, visual prognosis
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Introduction

Full-thickness macular hole (FTMH) is a sight-threatening 
retinal condition characterized by a full-thickness defect in 
the foveal region, leading to central vision loss (1). Its prev-
alence ranges from approximately 0.02% to 0.5% in popula-

tions over the age of 55 years, with a two- to three-fold high-
er incidence in women (2-4). Over the past decade, surgical 
advancements, particularly the introduction of the inverted 
internal limiting membrane (ILM) flap technique, have signifi-
cantly improved both anatomical closure rates and functional 
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visual outcomes, especially in large or chronic cases (5-7). 
Nevertheless, despite these technical improvements, accu-
rately predicting postoperative best-corrected visual acuity 
(BCVA) remains a clinical challenge due to the multifactorial 
nature of visual recovery. Factors such as macular hole size, 
chronicity, and photoreceptor integrity contribute to the 
variability in outcomes, thereby complicating preoperative 
counseling and individualized surgical planning (5-7).

In routine clinical practice, providing patients with real-
istic expectations regarding visual improvement following 
surgery remains challenging. Because of this uncertainty, 
surgeons often adopt a cautious approach, emphasizing that 
the primary surgical objective is to preserve existing vision 
rather than to guarantee significant improvement. This cau-
tious communication arises from the lack of reliable, evi-
dence-based tools for forecasting visual outcomes. The idea 
for this study arose from this clinical dilemma: The need for 
a method that can estimate, with reasonable accuracy, the 
range of visual acuity a patient may achieve postoperatively.

In recent years, researchers worldwide have investigat-
ed the integration of artificial intelligence (AI) into clinical 
medicine. Ophthalmology is particularly well suited for ad-
vanced AI implementation due to its extensive reliance on 
digital imaging techniques. At present, AI systems have been 
developed to interpret various ophthalmic images, including 
fundus photographs, optical coherence tomography (OCT) 
scans, and visual field tests. These systems are trained us-
ing large datasets of medical images and are subsequently 
validated using separate datasets to ensure accuracy. AI has 
demonstrated the ability to reliably detect several eye dis-
eases, such as diabetic retinopathy, glaucoma, cystoid macu-
lar edema, and age-related macular degeneration. Given that 
the diagnosis and treatment of macular hole (MH) are largely 
dependent on imaging, this condition stands to benefit sig-
nificantly from AI advancements (8-12). In addition to image 
interpretation, research has also focused on employing AI 
to forecast visual outcomes using regression models based 
on clinical parameters. In cases of MH, features such as hole 
size, BCVA, and duration of symptoms have been used as 
input variables for these predictive models.

Large language models (LLMs) have recently emerged 
as a transformative tool in ophthalmic AI. Systems such as 
ChatGPT, which leverage advanced LLM architectures, are 
capable of synthesizing diverse information sources to sup-
port clinical decision-making, including surgical planning and 
disease education (13-15). Unlike traditional machine learn-
ing (ML) models, which rely heavily on structured datasets, 
LLM-based multimodal AI systems are designed to process 
and contextualize heterogeneous data types, including im-
ages, clinical records, and narrative texts, thereby enhancing 
their flexibility and applicability in real-world clinical environ-

ments. Therefore, this study aimed to determine whether an 
LLM-based tool could generate clinically meaningful BCVA 
estimates after inverted ILM flap surgery for MH.

Methods

Study Settings
This retrospective study was conducted at a tertiary eye 
care center following approval by the local ethics committee 
(No. 4-2025). All research procedures adhered to the ethical 
principles outlined in the Declaration of Helsinki. Due to the 
non-interventional, retrospective nature of the study and 
the absence of identifiable patient data, the requirement for 
informed consent was formally waived by the institutional 
review board.

Medical records of patients who underwent pars plana 
vitrectomy (PPV) using the inverted ILM flap technique were 
reviewed. The analysis included cases performed between 
January 2021 and December 2023. All eligible consecutive 
cases that met the predefined criteria at the selected study 
time points were included; therefore, no a priori sample size 
calculation was performed.

The inclusion criteria consisted of patients who had un-
dergone a comprehensive ophthalmologic evaluation before 
surgery, had a MH size greater than 200 µm, and had com-
plete follow-up data available preoperatively and at postop-
erative day 7, 6 months, and 12 months.

The exclusion criteria included the presence of any oc-
ular condition that could potentially affect visual recovery, 
such as diabetic retinopathy, high myopia (spherical equiva-
lent of ≥−6.00 diopters), glaucoma, uveitis, age-related mac-
ular degeneration, and poor-quality OCT images.

Demographic and clinical data were collected, including 
age, sex, MH size, closure status, and BCVA at the specified 
time points. BCVA measurements were converted to the 
logarithm of the minimum angle of resolution (logMAR) for 
standardized analysis.

Surgical Procedure
All patients underwent 25-gauge PPV, followed by ILM stain-
ing using 0.15% trypan blue ophthalmic solution (Membrane 
Blue, DORC, the Netherlands). The stained ILM was care-
fully grasped using Grieshaber 25GA forceps (Alcon), and 
the inverted ILM flap technique was performed. The surgery 
concluded with fluid-air exchange, and all patients were in-
structed to maintain a prone position for 3 days postoper-
atively. All patients received a combination of antibacterial 
and anti-inflammatory eye drops (Dexamethasone and To-
bramycin) for 1 month following surgery.

AI-Based Visual Acuity Prediction
OCT Master, a customized implementation of OpenAI’s 
ChatGPT architecture integrated into the MatrixEye platform, 
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was used to analyze OCT images and predict postoperative 
visual outcomes. For each case, the platform received the fol-
lowing preoperative inputs: Preoperative OCT images, patient 
age, duration of visual deterioration, and minimum linear di-
ameter of the MH. The uploaded image included 3 principal 
components: An infrared fundus image centered on the macu-
la, a horizontal OCT B-scan passing through the full-thickness 
macular hole, and the corresponding ETDRS-based retinal 
thickness map. An example of the uploaded OCT image is 
shown in Figure 1. In addition to the image, the following clin-
ical variables were entered using a standardized text prompt: 
Patient age, duration of visual symptoms, and minimum linear 
diameter of the macular hole. No additional clinical variables, 
such as baseline BCVA, biometry data, or postoperative OCT 
images, were provided.

Based on these inputs, the platform was instructed to 
calculate the probability of successful anatomical closure of 
the MH and generate a range of BCVA values, including both 
minimal and maximal predictions, at 4 time points: Preop-
eratively and at postoperative day 7, month 6, and month 
12. Mean predicted BCVA was calculated using the following 
formula: Mean predicted BCVA=(Minimal predicted BCVA + 
Maximal predicted BCVA)/2. Subsequently, the AI-generated 
outputs were compared with actual clinical BCVA measure-
ments at the corresponding postoperative intervals. The AI 
model was used as a commercially available out-of-the-box 
platform and was not additionally trained, tuned, or modified 

by the study investigators. Therefore, the present report 
describes the input-output workflow used in clinical test-
ing, whereas the internal architecture and training process of 
the proprietary model were not accessible to the authors. 
A schematic diagram of the AI workflow and data inputs is 
shown in Figure 2.

Prompt example: The patient is __ years old and has a 
macular hole with a minimum linear diameter of __ microns. 
Visual symptoms have been present for __ months. Based 
on the input data and OCT image: (i) Predict preoperative 
BCVA; (ii) predict postoperative BCVA prognosis at 7 days, 
6 months, and 12 months; and (iii) estimate the probability 
of macular hole closure after surgery.

Statistical Analysis
Statistical analysis was performed using GraphPad Prism 10 
software (GraphPad Software Inc., San Diego, CA, USA). 
Continuous variables are presented as mean±standard de-
viation (SD). Agreement between mean predicted BCVA 
and actual BCVA at each time point was assessed using the 
nonparametric Wilcoxon signed-rank test. Patient-level as-
sociations between AI-predicted and actual BCVA values 
were evaluated using Spearman rank correlation analysis, and 
correlation coefficients were reported with 95% confidence 
intervals (CIs). For subgroup analyses comparing eyes with 
successful and failed anatomical closure, continuous variables 
were compared using the Mann–Whitney U test. Explor-
atory univariable logistic regression analysis was performed 

Figure 1. Example of a preoperative OCT image uploaded to the AI platform for visual outcome pre-
diction. The image includes an infrared fundus view centered on the macula, a horizontal OCT B-scan 
demonstrating the full-thickness macular hole, and the corresponding ETDRS retinal thickness map.
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to identify preoperative factors associated with anatomical 
non-closure. The results of logistic regression are presented 
as odds ratios (ORs) with 95% CIs. All p-values were two-
tailed, and p<0.05 was considered statistically significant.

An approximate post hoc power analysis was per-
formed for the observed correlations between AI-predict-
ed and actual BCVA values using Fisher’s z transformation 
of the correlation coefficients, assuming a two-sided α 
level of 0.05. Because the study was retrospective, these 
power estimates were considered supportive rather than 
primary.

Results

A total of 45 patients who underwent FTMH closure using 
the inverted ILM flap technique were included in the analy-
sis. The mean age of the cohort was 68.64±6.71 years. The 
anatomical closure rate was 86.7%, with 6 cases (13.3%) re-
maining unclosed. Among these, 1 case (2.2%) demonstrated 
flap detachment. The average MH diameter was 523.1 μm, 
with a range of 280 to 1200 μm.

Table 1 shows a comparison between AI-predicted and 
actual BCVA values across 4 time points. Preoperatively, the 
mean predicted BCVA (1.13±0.20 logMAR) closely approx-

Figure 2. Schematic diagram of AI workflow and data inputs.

Table 1. Comparison of AI-Predicted and Actual Best-Corrected Visual Acuity (BCVA) in the logarithm of the minimum angle of resolution 
(logMAR) at Preoperative and Postoperative Time Points

Timepoint
Minimal predicted 
BCVA (logMAR)

Maximal predicted Mean predicted Actual
p1

BCVA (logMAR) BCVA (logMAR) BCVA (logMAR)

Preoperatively 1.31±0.26 0.96±0.16 1.13±0.20 1.24±0.33 0.192

7 days postoperatively 1.57±0.33 1.16±0.23 1.37±0.28 1.07±0.33 <0.001*

6 months postoperatively 0.75±0.23 0.54±0.18 0.65±0.20 0.67±0.25 0.528

12 months postoperatively 0.57±0.21 0.38±0.15 0.47±0.17 0.55±0.27 0.155

1Nonparametric Wilcoxon signed-rank test was used to compare Mean predicted BCVA with Actual BCVA; *statistically significant; BCVA: Best-Corrected Visual 
Acuity; logMAR: logarithm of the Minimum Angle of Resolution.
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imated the actual value (1.24±0.33 logMAR), with no statis-
tically significant difference (p=0.192). At 7 days postopera-
tively, the tool significantly overestimated visual impairment, 
with a mean predicted BCVA of 1.37±0.28 logMAR and an 
actual BCVA of 1.07±0.33 logMAR (p<0.001). By 6 months, 
the mean predicted BCVA (0.65±0.20 logMAR) was nearly 
identical to the actual measurement (0.67±0.25 logMAR), 
with no significant difference (p=0.528). At 12 months post-
operatively, the predicted value (0.47±0.17 logMAR) re-
mained close to the actual BCVA (0.55±0.27 logMAR), again 
showing no statistically significant difference (p=0.155).

Correlation Between AI-Predicted and Actual BCVA 
Values
To further evaluate patient-level agreement, Spearman rank 
correlation analysis was performed between AI-predicted and 
actual BCVA values at each study time point (Fig. 3). Preoper-
atively, a weak but statistically significant positive correlation 
was observed between predicted and actual BCVA (rₛ=0.3029, 
95% CI 0.0014 to 0.5540, p=0.043). At 7 days postoperative-
ly, the correlation was weak and not statistically significant 
(rₛ=0.1949, 95% CI −0.1134 to 0.4690, p=0.199).

In contrast, the model showed a moderate positive cor-
relation at 6 months, which was the strongest association 
among all assessed time points (rₛ=0.5885, 95% CI 0.3488 
to 0.7560, p<0.001). At 12 months postoperatively, the 
correlation remained moderate and statistically significant 
(rₛ=0.4156, 95% CI 0.1303 to 0.6374, p=0.005).

Comparison Between Successful and Failed Surgery 
Subgroups
A subgroup analysis was performed comparing eyes with suc-
cessful anatomical closure (n=39) and those without closure 
(n=6). The overall anatomical closure rate was 86.67%. Eyes 
in the failed-surgery subgroup tended to have a larger min-
imum linear diameter of the macular hole (613.33±231.06 
µm) than eyes with successful closure (509.21±176.53 µm), 
although this difference did not reach statistical significance 
(p=0.292). Likewise, the AI-predicted probability of closure 
was lower in the failed subgroup (85.83±9.70%) than in the 
successful subgroup (90.28±4.87%, p=0.315).

Univariable analysis was performed to identify preoper-
ative factors associated with anatomical non-closure. Axial 
length did not differ between the successful and failed-sur-
gery groups (23.50±0.84 mm vs. 23.52±1.02 mm, p=0.894) 
and was not associated with the risk of non-closure (OR per 
1-mm increase, 1.03; 95% CI 0.38–2.84; p=0.951). No statis-
tically significant predictors of non-closure were identified. 
However, a larger minimum linear diameter of the macular 
hole (OR per 100 µm, 1.30; 95% CI 0.86–1.97; p=0.215) 
and a lower AI-predicted probability of closure (OR per 1% 
increase, 0.89; 95% CI 0.78–1.02; p=0.100) showed non-sig-
nificant trends toward association with failed anatomical clo-
sure.

Post-hoc Power Analysis
Based on the observed correlation coefficients between 
AI-predicted and actual BCVA values and assuming a two-sid-
ed α of 0.05, the approximate achieved power at the current 
sample size (n=45) was 99.2% at 6 months and 81.8% at 12 
months.

Discussion
The findings of our study show that the AI model is capable 
of generating clinically relevant predictions of postoperative 
visual acuity after FTMH surgery. The predicted BCVA close-
ly approximated actual clinical outcomes at the preoperative 
stage, as well as at 6 and 12 months postoperatively, using 
only raw preoperative OCT images and a limited set of clin-
ical variables.

However, a significant deviation was observed at 7 days 
after surgery, when the model systematically overestimated 
visual impairment. This may be partially attributed to the 
specific surgical technique used in this study, which involved 
fluid-air exchange rather than gas tamponade. Air tampon-
ade may allow earlier functional recovery due to its short-
er intraocular presence. Because the AI model was trained 
on generalized preoperative data and was not exposed to 
variations in postoperative tamponade strategies, its predic-
tions may not fully capture the accelerated visual recovery 
associated with air-based approaches. Future refinement of 

Figure 3. Distribution of AI-predicted and actual BCVA values at the 
preoperative stage and at 7 days, 6 months, and 12 months after sur-
gery. Blue triangles represent AI-predicted values, and purple circles 
represent actual clinical measurements. Horizontal bars indicate mean 
values with SD.
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the model using stratified training data that reflect different 
surgical protocols could improve its short-term predictive 
accuracy.

At present, deep learning (DL)-based models represent 
the predominant form of AI in the field of medicine, as these 
models rely on more accurate numerical data and are con-
sidered to provide more reliable results (15-27). In the liter-
ature, we found a significant number of studies dedicated to 
the use of DL models in the analysis, prognosis, and treat-
ment of macular holes (19-22).

A growing body of research has explored the application 
of AI to FTMH diagnosis and outcome prediction, with each 
study highlighting distinct strengths and limitations in mod-
el design, data input, and clinical utility (13). For instance, 
Pereira et al. demonstrated that a three-dimensional DL 
model could accurately segment macular hole volume on 
OCT scans, with a strong correlation with manual measure-
ments (15). Their findings further revealed that volumetric 
analysis correlated more closely with postoperative visual 
improvement than conventional metrics.

Kim et al. employed a DL model trained on fundus pho-
tographs and reported 87.42% classification accuracy using 
the ResNet50 architecture (16). While their model success-
fully differentiated multiple retinal conditions, including mac-
ular holes, diabetic retinopathy, and retinal vein occlusion, 
reliance on fundus photography alone limited diagnostic pre-
cision for macular holes, suggesting the importance of OCT-
based data in such cases.

Frawley et al. investigated a lightweight three-dimensional 
U-Net model that achieved segmentation performance com-
parable to that of more complex architectures while using 
fewer parameters and computational resources, making it 
practical for integration into clinical workflows (17). Similar-
ly, the self-supervised RaSCL approach achieved perfect clas-
sification performance (F1=1.0) on OCT images of FTMH, 
even with a limited dataset, demonstrating the potential of 
contrastive learning for small-data medical imaging tasks.

The retrospective study by Lachance et al. analyzed data 
from 121 patients who underwent surgery for idiopathic 
FTMH (18). Only cases with anatomically confirmed macular 
hole closure at 6 months postoperatively, based on high-defi-
nition OCT B-scans, were included for model development. 
A hybrid predictive model was constructed by combining 
convolutional neural network (CNN)-derived outputs with 
clinical features. These results suggest that while DL offers 
complementary value, clinical variables, particularly baseline 
BCVA, remain the most influential predictors of postopera-
tive visual improvement.

The study by Godbout et al. provides a critical perspec-
tive on the limitations of DL in small medical datasets, spe-
cifically for predicting visual improvement following macular 

hole surgery (19). Using a dataset of 121 patients, each with 
2 high-resolution OCT scans and associated clinical data, the 
authors explored various deep vision models, including Res-
Net-50 with different pretraining strategies and lightweight 
CBR architectures, under a constrained data regime. De-
spite implementing multiple state-of-the-art training tech-
niques, such as transfer learning, self-supervised pretraining, 
data augmentation, and model regularization, none of the 
DL models outperformed a simple logistic regression model 
trained solely on clinical features. Moreover, in a combined 
model in which CNN outputs were fused with clinical fea-
tures, the CNN predictions contributed the least to deci-
sion-making, while baseline visual acuity dominated feature 
importance. The study highlights the importance of model 
selection based on data availability and cautions against over-
reliance on DL when the training dataset is not sufficiently 
large or diverse.

The study by Xiao et al. demonstrates the potential of 
ML models to predict short-term anatomical outcomes fol-
lowing MH surgery with high accuracy (20). Using preopera-
tive OCT features and clinical variables from 288 eyes across 
4 centers, the authors trained and validated 5 ML algorithms, 
with random forest achieving the best performance. Their 
findings support the feasibility of ML-based preoperative 
prediction tools to assist in personalized surgical planning 
and risk assessment for patients with IMH.

The multicenter study by Hu et al. provides compelling 
evidence for the utility of DL models in predicting postoper-
ative MH status following vitrectomy and ILM peeling (21). 
By leveraging a large and diverse dataset across multiple clin-
ical sites, the authors demonstrated that AI can achieve high 
predictive accuracy, thereby offering a potential tool for sur-
gical planning and patient counseling. The model’s ability to 
integrate complex imaging features and clinical parameters 
may facilitate the early identification of patients at risk for 
suboptimal anatomical outcomes, ultimately contributing to 
more personalized and evidence-based care. These findings 
highlight the growing role of AI in ophthalmic surgery and 
the need for further prospective validation and integration 
into clinical workflows.

Similarly, the study by Kucukgoz et al. presents a nov-
el uncertainty-aware regression model that predicts post-
operative visual acuity based on preoperative OCT images 
(22). Unlike standard models, U-ARM integrates uncertain-
ty estimation, enabling clinicians to assess the reliability of 
predictions. The model demonstrated superior performance 
across internal, external, and out-of-sample datasets, achiev-
ing lower prediction errors and higher robustness compared 
with baseline approaches. Importantly, U-ARM effectively 
identified high-risk or anomalous cases through elevated 
uncertainty scores, providing a valuable safeguard in clinical 
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decision-making. This approach represents a significant step 
toward the deployment of trustworthy DL systems in oph-
thalmology.

In parallel, a study by Kwon et al. demonstrated the ac-
curacy of a generative DL model in predicting postopera-
tive macular anatomy from baseline OCT images (23). Their 
model was capable of reconstructing high-fidelity anatomical 
projections following MH surgery, thus adding anatomical in-
sight to functional outcome prediction. Such approaches are 
highly relevant to surgical planning and could complement 
models aimed at forecasting visual recovery.

Recent advances underscore the growing role of multi-
modal imaging in improving prediction accuracy. Rizzo et al. 
emphasized the synergistic potential of combining OCT an-
giography (OCTA) and AI for the personalized management 
of macular holes (24). Their approach incorporated vascular 
biomarkers derived from OCTA images, particularly those 
related to the foveal avascular zone, into predictive frame-
works. The integration of microvascular parameters, such as 
capillary density and perfusion index, was shown to enhance 
the granularity of disease characterization and prognosis es-
timation. These findings align with the direction of our re-
search and suggest that supplementing structural OCT with 
OCTA-derived data could further increase the accuracy and 
relevance of AI-based prognostic models. Future progress 
in this field will likely depend on multimodal predictive sys-
tems that integrate structural OCT, OCTA-derived vascular 
biomarkers, and clinical metadata into a unified framework, 
which may improve prognostic accuracy and support more 
individualized surgical counseling.

All previously published AI studies on FTMH have re-
ported quantitative performance metrics using conventional 
DL or ML frameworks. In contrast, our study evaluated a 
LLM-based platform that operates through natural-language 
interaction and does not require custom model training by 
the end user. The review by Jin et al. summarized 108 studies 
focused on the application of LLMs in ophthalmology: Auto-
mated question-answering (55 studies), information screen-
ing (27 studies), predictive modeling (11 studies), summari-
zation (5 studies), diagnosis (5 studies), and image analysis 
(5 studies) (13,14,25-28). Among these reports, 32 focused 
specifically on retinal diseases. These works explored a 
broad range of LLM applications in managing prevalent ret-
inal conditions, such as diabetic retinopathy, age-related 
macular degeneration, retinal vein occlusion, retinal artery 
occlusion, and central serous chorioretinopathy. They em-
phasized that ChatGPT can improve patient satisfaction by 
delivering accurate and well-formulated responses, particu-
larly in the context of common retinal diseases. However, no 
prior studies specifically evaluated LLM-based individualized 
visual prognosis after FTMH surgery.

An important distinction between the present study and 
prior AI reports on FTMH surgery lies in the model para-
digm and intended clinical use. Previous studies have gen-
erally relied on supervised DL or ML pipelines trained on 
curated OCT datasets, often combined with structured clin-
ical variables, to predict a single predefined endpoint, such 
as visual improvement or postoperative visual acuity (13,14). 
For example, Lachance et al. developed a hybrid model com-
bining a convolutional neural network-based model using 
preoperative HD-OCT B-scans with logistic regression using 
clinical features; notably, baseline visual acuity contributed 
more strongly to prediction than the OCT-based DL out-
put itself (18). More recently, Kucukgoz et al. proposed an 
uncertainty-aware regression model trained on preoperative 
OCT images that generated numerical postoperative visual 
acuity predictions together with uncertainty estimates (22). 
In contrast, our study evaluated a proprietary multimodal 
LLM-based platform used in an out-of-the-box manner, with-
out study-specific training or fine-tuning by the investigators, 
and queried through a standardized natural-language prompt 
rather than a conventional model-development workflow. 
The system accepted heterogeneous inputs, namely a rep-
resentative preoperative OCT screenshot and selected 
clinical descriptors, and returned clinically interpretable 
outputs, including a prognostic BCVA range and estimated 
probability of hole closure. Therefore, the main contribu-
tion of the present study is not the development of another 
task-specific supervised model but the demonstration that a 
prompt-driven, clinician-facing multimodal AI tool may pro-
vide practically useful visual prognosis in a real-world retinal 
workflow.

A particularly noteworthy feature of the ChatGPT mod-
el is its ability to generate a prognostic range, defined by 
minimal and maximal predicted BCVA values (29). This ap-
proach takes into account the natural variability in surgical 
outcomes and provides a more informative tool for preop-
erative counseling. By presenting a range of possible visual 
acuity values rather than a single estimate, the model helps 
patients better understand what to expect after surgery, 
which may support more realistic expectations and shared 
decision-making.

The user-friendly design of the AI system, based on nat-
ural-language interaction, further enhances its clinical ap-
plicability. Unlike models that require technical expertise, 
segmentation, or code-based interfaces, the system accepts 
intuitive commands and outputs readable results (30). This 
simplifies its integration into clinical workflows and makes it 
accessible to a wider range of ophthalmologists. The system 
can be deployed with minimal infrastructure, requiring only 
access to digital OCT imaging and a secure connection to 
the AI platform (31).
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In practice, such a platform may help surgeons internally 
structure prognosis estimation, define a plausible range of 
expected visual recovery, and prepare for more individual-
ized preoperative counseling. At the same time, AI-generat-
ed estimates should not be interpreted as deterministic out-
comes or communicated to patients without careful clinical 
contextualization. Because postoperative recovery may vary 
substantially, unmet expectations can undermine confidence 
in surgical care. Therefore, at the present stage of develop-
ment, multimodal LLM-based tools should be viewed primar-
ily as aids to physician judgment and counseling preparation 
rather than as independent sources of patient-directed prog-
nostic advice.

Despite the promising results, several limitations should 
be acknowledged. First, the study was retrospective, sin-
gle-center, and based on a relatively small sample. Although 
the internal consistency of the results supports the model’s 
feasibility, external validation using larger, multi-institution-
al datasets will be necessary to confirm its generalizability 
across broader patient populations and varied surgical tech-
niques. Because inclusion required adequate preoperative 
imaging and complete follow-up at the selected time points, 
selection bias cannot be excluded. Second, an important 
methodological consideration is that the AI model was not 
independently trained or customized by the study team. In-
stead, we used a pre-existing, commercially available AI plat-
form into which we uploaded preoperative OCT images and 
clinical parameters. This approach has both strengths and 
weaknesses. On the one hand, it limits transparency regard-
ing the model’s internal architecture, training dataset com-
position, and learning process, which restricts full control 
over optimization and interpretability. On the other hand, 
it demonstrates the practical feasibility of using an out-of-
the-box solution in a real-world clinical setting, without the 
need for technical development or model engineering. This 
makes the tool highly accessible and immediately applicable 
for clinicians who do not have experience in ML or program-
ming, thereby supporting wider clinical adoption. Third, pa-
tient-level agreement analyses, external validation, and mul-
timodal augmentation with OCTA were beyond the scope of 
the present pilot dataset. These issues should be addressed 
in future prospective multicenter studies.

A major concern regarding the use of LLMs for medical 
applications is the lack of reproducibility, as these genera-
tive models may not consistently provide the same answers, 
potentially affecting the reliability of their outputs in clinical 
settings. Addressing these challenges will be essential to fully 
realize the potential benefits of LLMs in ophthalmology and 
to ensure their responsible and ethical implementation in 
patient care.

Conclusion

This study demonstrates the feasibility and clinical relevance 
of using an LLM-based AI model to predict visual outcomes 
following FTMH surgery. Its ability to generate a prognostic 
range and operate through natural-language commands rep-
resents a substantial advancement in ophthalmic AI tools. 
With further optimization and validation, such systems have 
the potential to become integral components of personal-
ized surgical planning and patient communication in retinal 
practice.
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