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Full Text

•  Introduction of an AI-human collaboration framework tailored for comprehensively assessment of trends in the medical 
research field.
•  In-depth analysis of trends in ocular diseases, image modalities, and research data quality and volume using large language 
models assisting humans.
•  Insightful revelations on the historical advances and future directions of deep learning in ophthalmology.

HIGHLIGHTS

Abstract:	 Background: Research innovations inocular disease screening, diagnosis, and management have 
been boosted by deep learning (DL) in the last decade. To assess historical research trends and 
current advances, we conducted an artificial intelligence (AI)–human hybrid analysis of publications 
on DL in ophthalmology. Methods: All DL-related articles in ophthalmology, which were published 
between 2012 and 2022 from Web of Science, were included. 500 high-impact articles annotated 
with key research information were used to fine-tune a large language models (LLM) for reviewing 
medical literature and extracting information. After verifying the LLM's accuracy in extracting 
diseases and imaging modalities, we analyzed trend of DL in ophthalmology with 2 535 articles. 
Results: Researchers using LLM for literature analysis were 70% (P = 0.000 1) faster than those 
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who did not, while achieving comparable accuracy (97% versus 98%, P = 0.768 1). The field of 
DL in ophthalmology has grown 116% annually, paralleling trends of the broader DL domain. The 
publications focused mainly on diabetic retinopathy (P = 0.000 3), glaucoma (P = 0.001 1), and age-
related macular diseases (P = 0.000 1) using retinal fundus photographs (FP, P = 0.001 5) and optical 
coherence tomography (OCT, P = 0.000 1). DL studies utilizing multimodal images have been 
growing, with FP and OCT combined being the most frequent. Among the 500 high-impact articles, 
laboratory studies constituted the majority at 65.3%. Notably, a discernible decline in model accuracy 
was observed when categorizing by study design, notwithstanding its statistical insignificance. 
Furthermore, 43 publicly available ocular image datasets were summarized. Conclusion: This study 
has characterized the landscape of publications on DL in ophthalmology, by identifying the trends 
and breakthroughs among research topics and the fast-growing areas. This study provides an efficient 
framework for combined AI–human analysis to comprehensively assess the current status and future 
trends in the field. 
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INTRODUCTION

There has been a significant advancement in 

the field of biomedical artificial intelligence (AI) 

since 2012, particularly in the medical applications 

of deep learning (DL) algorithms. Medical AI plays 

an increasingly important role in the development of 

medicine and improvement of the health and longevity 

of the population. This period witnessed the transition 

from the maturity of DL algorithms to their incorporation 

into various medical domains, marking a complete phase 

for biomedical AI development. Ophthalmology has 

experienced significant growth and development in the 

field of DL, with both early-stage and well-established 

DL applications being utilized in real-world scenarios.[1] 

With the technical breakthrough of DL algorithms 

in the last decade, the field have gradually achieved 

intelligent diagnosis of different ocular diseases such as 

diabetic retinopathy (DR),[2-3] cataract[4] and glaucoma,[5] 

and have expanded the coverage of different image 

modalities from retinal photograph to optical coherence 

tomography (OCT) and other modalities. Therefore 

further clarification and refinement are needed to fully 

comprehend the developmental patterns and trends in the 

field of DL in ophthalmology. 

Recent publications on DL in ophthalmology has 

shown explosive growth. These publications provide 

wealth of valuable information about the changing trends 

in DL-assisted diagnostic systems for ocular diseases, 

along with a comparative analysis of the development 

status in different countries worldwide. This field 

acts as an excellent demonstration of the evolution of 

medical AI, showcasing changes in various aspects 

and providing insights into future trends. Nonetheless, 

published literature reviews or expert consensuses have 

largely focused on specific research areas or highly cited 

articles,[6–9] limiting their scope and providing only a 

narrow perspective on the overall changes in the field 

of DL in ophthalmology. Consequently, comprehensive 

insights into the broader dimensions of ophthalmic AI 
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have been difficult to obtain, such as the trend of research 

in ocular diseases, changes in data modalities, quantities 

and quality of research data, along with the factors 

affecting the DL model performance.[10] Additionally, 

manually reading and analyzing through such a large 

volume of literature is a time-consuming and challenging 

task, and might lead to a biased representation of the 

overall perspective.[11] It is urgently needed to conduct 

a comprehensive and practical overview of this fast-

evolving field. 

Recently, large language models (LLM) have 

shown significant success in following instructions and 

producing human-like responses.[12-13] Using LLM for 

natural language processing and applying the state-of-

the-art bibliometric analysis in joint with human experts, 

this study presented a comprehensive overview of the 

evolution in this rapid changing research field. Base on 

this, we have identified trends and challenges among 

common ophthalmic DL research and further provided 

prospects for future applications. Additionally, this 

study offers a practical approach to comprehensively 

investigate current status and future trends in the field, 

making it a valuable reference for other researchers.

MATERIALS AND METHODS

 Search Strategy and Data Collection
All publications related to DL in ophthalmology 

in the English language in the Web of Science (WOS) 

database were queried. The search included terms related 

to eye diseases, eye structures and common imaging 

examinations in ophthalmology, as well as DL-related 

terms such as convolutional neural networks and transfer 

learning. The detailed search terms used are included 

in the supplementary text (Supplementary text). The 

literature search was carried out on October 15, 2022, and 

studies published from January 1, 2012, to September 

30, 2022 were included. A total of 6,345 articles were 

initially identified,  3,810 articles among them were 

excluded for the following reasons: duplicated records, 

articles categorized as reviews and comments, and 

articles tangential to the core focus of ophthalmology. 

2,535 articles among them met the inclusion criteria 

after screening (Figure 1A). Among the 2,535 articles,  

1,260 articles were indexed by the PubMed database. To 

utilize the rich information in the PubMed database, we 

obtained additional metadata such as the MeSH terms 

for these articles. The metadata were downloaded and 

extracted using PubMed’s E-Utilities API tools (www.

pubmed.ncbi.nlm.nih.gov/help). The article title, abstract, 

MeSH terms and bibliometrics, including WOS citation 

numbers, countries, regions and institutes, were used for 

downstream publication analysis.

AI-human Hybrid Publication Analysis
These articles were then analyzed using the LLM-

based text analysis method (Figure 1B). Out of the  

2,535 articles, the top 500 most impactful articles were 

selected for manual in-depth analysis based on their 

WOS citation counts on October 30th, 2022. Three 

individual researchers independently annotated key 

information in the articles, including disease, study 

design, data modality, data quality and quantity and 

public datasets. The annotated data were then used to 

fine-tune the bioBERT model,[14] and the tuned LLM was 

then used to automatically recognize disease and data 

modality information in the rest of articles. Additionally, 

BERN2,[15] a validated disease recognition model, was 

used to verify the disease recognition outputs from both 

models. In the LLM–assisted comparison experiment, 20 

articles were randomly selected from the 2,535 articles. 

Three researchers were then assigned to read the titles 

and abstracts, extract information described above, and 

record the time spent and accuracy achieved.
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a dataset with images of healthy controls and provided 

pixel-level annotations (identifying the boundaries of 

disease lesions).

Research Type Classification
The articles were classified into three categories: 

laboratory, preclinical and clinical research. Laboratory 

studies involve constructing and validating algorithms 

and models using public data. Clinical studies utilize 

prevalidated AI algorithms and models in real clinical 

scenarios to assist in disease diagnosis and intervention. 

Preclinical studies, a type between laboratory and clinical 

studies, focus on the algorithm or model validation 

through public or limited private datasets to assess their 

future suitability for large-scale clinical use. Preclinical 

Using the LLM-based text analysis method, we 

successfully extracted the studied eye diseases from 

2,300 of 2,535 (90.7%) articles in the field of DL 

ophthalmology and categorized numerous disease types 

based on PubMed's disease MeSH terms, and the data 

modalities used were extracted and summarized from 

1,611 of 2,535 (63.5%) articles. Assessing the quality 

and quantity of study data was relatively challenging, 

and required manual analysis given the limitations of 

LLMs in mathematical processing. To ensure accuracy, 

the data quality and quantity analysis included results 

from manual review of the 500 highest impact articles. In 

addition, 115 DR-related DL studies were further selected 

to analyze the dataset used including whether the studies 

had external validation datasets, used public datasets, 

Figure 1  Overall �ow diagram of this study. 
(A) Flow diagram summarizing the study screening and analysis procedures. A total of 6,345 articles were initially identified by querying the 
Web of Science database. After screening 2,535 articles met the inclusion criteria and were analyzed using an LLM-based text analysis method. 
The top 500 most impactful articles were included for human in-depth analysis. (B) Overview of the research article annotation process and the 
model fine-tuning procedure. LLM: large language model; MeSH: medical subject headings.
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and clinical research studies were classified into three 

categories according to their design: retrospective, cross-

sectional, and prospective. Study types were initially 

classified by two junior researchers (>3 years research 

experience). In cases of disagreement, adjudication was 

performed by a senior researcher (>8 years research 

experience) to finalize the study type. 

Public Ophthalmic Image Datasets
Original papers were retrieved corresponding to the 

public ophthalmic image datasets used in the 500 highest-

impact papers. Then, we compiled and summarized the 

following information: database name, article DOI\URL, 

year of publication, type of disease, number of images, 

number of healthy controls, image disease annotations, 

image quality assessment, and pixel-level annotations.

Statistical Analysis
All statistical analyses in this study were conducted 

with R 4.1.1 (R Core Team, 2021). Research trends were 

analyzed with Sen’s slope analysis. The normality of the 

distribution of data quantity was tested with the Shapiro-

Wilk test. Linear regression was employed to analyze 

the correlations between research publication date and 

data quantity. The model performances were compared 

with the Mann-Whitney U test. A two-tailed p-value less 

than 0.05 was considered statistically significant for all 

analyses.

RESULTS

Efficiency Improvement of the LLM-assistant 
Approach 

To evaluate the efficiency of using an LLM as 

an auxiliary tool in literature reading and information 

extraction, two groups of researchers, each consisting of 

three individuals, were tasked with extracting information 

from a set of 20 research articles (Supplementary Table 

S1). The group utilizing the LLM completed the task 

in an average time of 39 (range 35–45) minutes, while 

the group without the LLM took an average of 128 

(119–137) minutes, yielding a 70% (P = 0.0001) increase 

in efficiency. The accuracies of the two groups were 

comparable, 97% (95%–100%) versus 98% (95%-100%, 

P = 0.7681).

Overview of DL Applications in Ophthalmology
A total of 2,535 articles were included in the LLM–

assisted analysis. Over the past decade, both papers 

describing DL applications in ophthalmology and those 

describing DL in general have been witnessed a dramatic 

surge in publication volumes. Ophthalmic DL articles 

experienced explosive growth rates between 2012 and 

2019, with yearly growth rates ranging from 111% to 

192%. This growth rate was moderate after 2020, with 

659 articles published in 2021; moreover, this trend of 

DL applications in ophthalmology parallels the changes 

in the overall DL field (Figure 2A). There were several 

technology breakthroughs related to the growth of the 

ophthalmic DL field (Figure 2B). The U.S., China, and 

the U.K. published the most articles, with the former two 

countries leading by a considerable margin (Figure 2C). 

Additionally, the top ten institutions with the highest 

publication numbers mainly comprised comprehensive 

universities and eye hospitals (Figure 2D).

Diseases and Data Modalities in Ophthalmic 
DL Research

The 10 most commonly studied diseases were 

shown in Figure 3A, including DR, glaucoma, macular 

degeneration, cataract and fundus diseases. As stated 

here, researchers related to various ocular diseases began 

to gradually increase in 2016 and showed a significant 

increase between 2017 and 2020. The most studied 
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Figure 2  �e number and growth rate of publications per year in the �eld of deep learning in ophthalmology and milestone events in 
computer vision. 
(A) The number of articles published per year in the fields of deep learning (blue, numbers shown in hundreds) and DL-related ophthalmology 
(red). (B) Timeline of significant deep learning models since 2012. Countries (C) and institutions (D) with the largest number of 
ophthalmology studies related to deep learning. 
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on ocular diseases are DR, glaucoma and macular 

degeneration, which have also shown an increasing 

trend in the last 10 years, with Sen’s slopes of 20.8 (P =  

0.0003), 14.9 (P = 0.0011) and 8.2 (P = 0.0001), 

respectively (Figure 3B). 

With similar methods, the data modalities used were 

extracted and summarized. The top 10 data modalities in 

terms of growth rate were ranked on Sen’s slope (Figure 

Figure 3   Historical trends of the ocular diseases considered and data modalities used in deep learning studies. The number of 
published articles per year for the top 10 diseases. 
(A) and data modalities (C) with the largest increases. Increase rate analysis for different types of ocular diseases (B) and data modalities (D). 
Sen's slope represents the increase rate and –log10(p value) indicates significance. Sen's slopes are shown for diseases: DR, glaucoma, MD and 
modalities: OCT and FP. (E) A heatmap showing the cooccurrence of ocular diseases and related data modalities. FP: fundus photographs; 
OCT: optical coherence tomography; FA: fluorescein angiography; FAF: fundus autofluorescence; VF: visual fields; SL: slit lamp; VA: visual 
acuity; OCTA: optical coherence tomography angiography; CT: corneal topography; CCM: corneal confocal microscopy; UWF-FP: ultrawide-
field retinal fundus photographs; DR: diabetic retinopathy; MD: macular degeneration; GA: geographic atrophy; ME: macular edema; RoP: 
retinopathy of prematurity; CN: choroidal neovascularization. 
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3C). As stated, DL studies using fundus photographs 

(FP) and OCT began to rapidly increase in number and 

gain prominence in 2018, with Sen’s slopes of 31.1 (P 

= 0.0015) and 30.8 (P = 0.0001), respectively (Figure 

3D). Many other data modalities including fluorescein 

angiography (FA), optical coherence tomography 

angiography (OCTA), visual acuity (VA), visual fields 

(VF) and corneal topography (CT), have been increasing 

applied since 2020. The data modalities used in studies 

of different ocular diseases varied considerably (Figure 

3E). Specifically, studies on DR mainly used OCT and 

FP; studies on glaucoma relied mainly on OCT, FP, and 

VF; and macular degeneration studies relied on OCT and 

FP. Additionally, several DL studies used multimodal 

ophthalmic data (Table 1). 27 (33%) multimodality 

studies involved both FP and OCT images, 17 (21%) 

used OCT and VF, and 7(9%) studies utilized FP and one 

of the modalities such as OCTA, slit lamp (SL), and VA. 

Research Type Analysis of the Top 500 Highest-
impact Articles

Among the top 500 most impactful articles, all three 

types of research (laboratory, preclinical and clinical) 

were found a rise in number of studies (Figure 4A). 

The number of laboratory research studies increased 

noticeably from 7 in 2012 to 108 in 2020. Furthermore, 

preclinical studies experienced a discernible rise in 

number to over 50 per year, whereas the number of 

clinical studies remained stagnant, with fewer than 10 

conducted annually. Among preclinical and clinical 

studies, retrospective studies accounted for 77.4% (123), 

with only 21 (12.6%) cross-sectional studies, and 15 

(10.1%) prospective studies (Figure 4B).

Changes in Fundus Photograph Data and DL 
Model Performance for DR

Given the extensive researches on DR and its early 

prominence, out of 500, 115 DR-related articles were 

selected to evaluate changes in quantity and quality for 

ophthalmic data and DL model performance. The dataset 

characteristics of these studies were summarized in Table 

2. All criteria showed a general increase since 2015, 

despite occasional volatility. Although the early dearth of 

available datasets and use of healthy control images, the 

Multimodalities Number of 
studies Study ID1

FP + OCT 27 (33%) 45; 46; 48; 50; 51; 52; 56; 57; 58; 59; 61; 66; 67; 68; 71; 72; 73; 74; 75; 76; 77; 79; 80; 81; 92; 108; 
111

FP + FA 8 (10%) 45; 52; 53; 54; 64; 70; 78; 82

FP + OCTA/SL/VF/
UWF/VA 7 (9%) 52; 47; 49; 114; 128; 120; 63

OCT + VF 17 (21%) 60; 65; 69; 91; 97; 99; 100; 101; 104; 107; 110; 116; 117; 119; 121; 122; 129

OCT + OCTA 12 (15%) 90; 94; 96; 98; 102; 103; 105; 106; 113; 118; 124; 127

OCT + FA/ICGA/
FAF 7 (9%) 43; 55; 62; 93; 95; 123; 125

OCT + VA/UBM 3 (4%) 109; 112; 126

Table 1   Summary of multimodal deep learning studies in ophthalmology

1 Each study ID corresponds to a particular research article as listed in Supplemental table S1. FP: fundus photographs; OCT: optical coherence 
tomography; FA: fluorescein angiography; FAF: fundus autofluorescence; ICGA: indocyanine green angiography; VF: visual fields; SL: slit 
lamp; UBM: ultrasound biomicroscopy; VA: visual acuity.
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number of studies fulfilling these criteria have increased 

to 14 (33.3%) and 25 (59.5%), respectively. Additionally, 

an increasing number of studies tended to provide pixel-

level lesion annotations over bulk image annotations, 

showing an increase in the data granularity.

The dataset size and final model performance used 

in the 115 DR studies were compiled. This is to determine 

whether a large data size is necessary to train a model 

with adequate performance (Figure 4C). The interquartile 

range (IQR) of the data size for DR classification models 

is 462–74,198 images, and the average data size has 

grown from 70,817 images in 2016 to 122,810 in 2021, 

with an average annual increase of 10,398 (14.7%) 

images. By dividing the presented performances in these 

studies according to the study design, it was revealed that 

the average accuracy of the models declined consistently 

(Figure 4D). 

To provide a reference of publicly available 

datasets, the ocular disease image databases used in these 

500 highest-impact articles were summarized with the 

pertinent information (Table 3 and Supplementary Table 

S2). 

Figure 4  Trend in type of study and the magnitude of data size for ophthalmic DL studies. (A) Trends in ophthalmic DL studies for 
different research types; (B) The study designs of the 159 preclinical and clinical studies. (C) The data size used in ophthalmic deep learning 
research increased every year (R2 = 0.0199, p = 0.1). The data were fitted using linear regression and R2 and p-values were calculated. The axis for 
data size is displayed on a base-10 logarithmic scale. (D) Comparison of model performance between 3 study designs. The Mann–Whitney U 
test was used. AUC: area under the receiver operating characteristic curve.



16 Eye Science 2024, Vol.1, No.1  journal.gzzoc. com

Data characteristics 2016 2017 2018 2019 2020 2021

Number of studies identified 3 13 17 36 42 23

Studies with external validation 
datasets

1 2 4 3 10 4

(33.3%) (15.4%) (23.5%) (8.3%) (23.8%) (17.4%)

Studies using public datasets
0 3 6 10 14 7

(0.0%) (23.1%) (35.3%) (27.8%) (33.3%) (30.4%)

Studies with images from healthy 
controls

0 7 10 17 25 16

(0.0%) (53.8%) (58.8%) (47.2%) (59.5%) (69.6%)

Studies with pixel-level lesion 
annotations

1 5 11 15 22 13

(33.3%) (38.5%) (64.7%) (41.7%) (52.4%) (56.5%)

Table 2   Data characteristics from the 115 most impactful deep learning studies of diabetic retinopathy Data characteristics from the 
115 most impactful deep learning studies of diabetic retinopathy

Image modality Public datasets1 Year Disease(s) Number of images

FP ACRIMA 2019 Glaucoma 705

FP APTOS 2019 2019 Diabetic retinopathy 5,590

FP Bin Rushed 2019 Glaucoma 195

FP CHASE dataset 2011 Retinal arteriolar tortuosity 16,670

FP Chinese Glaucoma Study Alliance 2019 Glaucoma 274,413

FP Chiu_BOE 2015 Diabetic macular edema 110

FP DDR 2019 Diabetic retinopathy 13,673

FP DESP 2020 Diabetic retinopathy 174,954

FP DIARETDB0 2007 Diabetic retinopathy 130

FP DIARETDB1 2007 Diabetic retinopathy 89

FP Direct-CSU 2019 Glaucoma 934

FP DRIMDB 2014 Retinal diseases 216

FP DRIONS-DB 2018 Glaucoma 110

FP DRISHTI-GS 2018 Glaucoma 101

Table 3   Summary of the open access ophthalmological datasets used in deep learning studies

1 Detailed characterization information and references for the public datasets were provided in Supplementary Table S1. FP: fundus 
photographs; OCT: optical coherence tomography; FA: fluorescein angiography; FAF: fundus autofluorescence; VF: visual fields; SL: slit lamp.
DR was predominant in terms of disease type, followed by glaucoma, AMD and fundus vascular diseases. Correspondingly, most ocular 
databases consist of fundus photographs, followed by those containing OCT images, OCTA, and FA. In addition, the AREDS and SEED 
databases contain a variety of data modalities: AREDS has FP and SL data, while SEED contains FP, OCT, and SL data.
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Image modality Public datasets1 Year Disease(s) Number of images

FP DRISHTI-GS1 2014 Glaucoma 101

FP DRIVE 2004 Diabetic retinopathy 400

FP e-Ophtha 2013 Diabetic retinopathy 25,702

FP FGADR 2008 Diabetic retinopathy 2,842

FP HEI-MED 2020 Diabetic retinopathy 1,907

FP HRF 2013 Diabetic retinopathy and glaucoma 45

FP IDRiD 2018 Diabetic retinopathy 516

FP Kaggle 2015 Diabetic retinopathy 88,702

FP Magrabi 2019 Glaucoma 94

FP MESSIDOR 2008 Diabetic retinopathy 1,200

FP NEW SINDI 2018 Glaucoma 5,783

FP NIH AREDS 2018 Age-related macular degeneration 5,664

FP ORIGA 2010 Glaucoma 650

FP REFUGE 2018 Glaucoma 1,200

FP RIGA 2016 Glaucoma 750

FP RIM-ONE 2011 Glaucoma 169

FP STARE 2000 Various retinal diseases 397

FP UK biobank 2017 Various eye diseases 135,867

FP, SL AREDS 1999 Age-related macular degeneration, age-related cataract 9,386

FP, OCT, SL SEED 2021 Various age-related eye diseases 10,033

OCT Heidelberg-DME 2020 Diabetic retinopathy 1,396

OCT Triton-DME 2020 Diabetic retinopathy 3,248

OCT UniMiami 2019 Diabetic retinopathy 50

SD-OCT A2A SD-OCT 2012 Age-related macular degeneration 345

SD-OCT SERI-CUHK 2019 Diabetic retinopathy 43

SD-OCT Duke 2013 Age-related macular degeneration 38,800

AS-OCT SCES 2012 Anterior chamber depth 1,060

OCTA ROSE 2020 Retinal disease vessel segmentation 229

FA RECOVERY-FA19 2020 Retinal disease vessel detection 8

FA VAMPIRE FA 2020 Diabetic retinopathy 8

Table 3   (continued)
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DISCUSSION

DL in ophthalmology is evolving rapidly 

and the status of the field is difficult to summarize 

comprehensively using conventional methods.[7–9] This 

study presents a comprehensive overview of all existing 

research using LLM-based methods combined with 

in-depth manual analysis to uncover trends in DL in 

ophthalmology from a large amount of publication data. 

The development of DL in ophthalmology is in sync with 

the overall progress in DL domain, relying heavily on the 

foundational support provided by the latter. In this study, 

we fine-tuned the BERT-based large-scale language 

model with manually annotated paper data to build an 

intelligent LLM capable of reviewing medical literature 

and extracting key information. Its accuracy was verified 

in extracting disease and image modality information, 

suggesting that incorporating an LLM into the literature 

analysis workflow could enhance the efficiency and 

productivity of researchers in the field. The number of 

articles and development trends of various eye diseases 

were categorized and summarized using the LLM–

assisted approach. 

Advances in the DL field have accelerated DL 

research in ophthalmology. From 2012 to 2015, 

there were revolutionary developments in the DL 

field, including the construction of benchmark image 

datasets ImageNet,[16] COCO[17] and development of 

convolutional neural network architectures such as 

AlexNet[18] and ResNet.[19] The subsequent rapid growth 

of DL research in ophthalmology occurred as a result 

of these breakthroughs in DL advancing the state-of-

the-art and laying the foundation for further research 

and development of DL in ophthalmology. Many of the 

leading ophthalmic deep learning studies have come 

from technologically advanced countries including the 

United States, China, the United Kingdom, and India. 

With major research contributions from these countries, 

deep learning-based diagnostic systems for ocular 

diseases have gained approval from global regulatory 

bodies. In 2018, the first U.S.license for such a system 

was issued,[20] followed by the Chinese license in 2020.[21] 

This widespread regulatory approval reflects the progress 

in deep learning research and validation of its ability to 

accurately detect and diagnose eye diseases, signaling a 

shift from laboratory studies to clinical applications. 

Ophthalmic DL research has gradually transitioned 

from initial feasibility studies to real-world clinical 

applications. Early feasibility DL studies focused on DR 

based on FP, as the large patient population and extensive 

labeled image datasets enabled algorithm development 

and validation with minimal technical complexity.[22] 

By establishing capabilities and clinical value on 

a common ocular disease (e.g. DR) with abundant 

training data, researchers laid the groundwork to then 

investigate expanding DL to other ocular diseases.[1] The 

initial successes have led to further research broadening 

real-world deployment of DL models across diverse 

clinical applications, such as telemedicine screening and 

smartphone-based diagnostic tools at point-of-care.[23-24]

Moving beyond reliance on single data modalities 

like FP and OCT, there is instead increasing utilization 

of multimodal approaches that integrate information 

from diverse clinical exams and tests to enable 

more comprehensive and accurate diagnosis. This 

transformation is driven by complex ocular conditions 

like glaucoma that require assimilating data from basic 

ophthalmic exams, visual field testing, cup-to-disc ratios 

from fundus imaging, and optic nerve layer thickness 

from OCT to facilitate robust clinical judgments.[25] 

Moreover, combining other data sources like genomic 

tests with imaging data has been proven efficacy 
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for predictive modeling in diseases like age-related 

macular degeneration.[26] As algorithms become more 

sophisticated, they can synergistically combine disparate 

inputs from various ophthalmic subspecialties, testing 

modalities, and data types. By amalgamating these 

diverse datasets, DL models can mimic multifaceted 

clinical decision making and enable more precise disease 

diagnosis and prognosis across ophthalmology.

Data quantity and quality are crucial in DL 

applications in ophthalmology. However, the necessary 

sample size is contingent upon the complexity of the 

disease and detection task, as well as the intricacy of 

the model. In an early experiment, the impact of dataset 

size on DL algorithm performance in detecting DR was 

analyzed.[3] The results revealed that peak performance 

was reached at approximately 60,000 images, suggesting 

that increasing the dataset size beyond this point did 

not improve algorithm performance. However, with 

advancements in DL algorithms, it is now unclear what 

amount of data is required for optimal performance. By 

investigating high-impact DL articles on DR detection, 

our findings indicate that the DL model’s performance 

decreased markedly from laboratory to clinical studies. 

This observation implies that the self-reported AUC and 

other evaluation criteria employed in these studies may 

not adequately represent the real-world performance 

of the DL models due to the reproducibility issues.[27]

Alternatively, it could be that the data analyzed, extracted 

from previously published DR-related studies, lack broad 

applicability to other ocular diseases, which necessitates 

more rigorous experimental investigations in future 

studies. Additionally, we found that the proportion of 

studies using externally validated datasets and public 

datasets was not high (20%-35%) which might be due to 

the difficulty in obtaining resources for external validation 

datasets and public datasets. The question about the 

sample size required for deep learning is the one without 

a standard answer. Determining the optimal sample 

size for DL studies is challenging due to the disease 

complexity, specific medical tasks, and the complexity 

of DL models.[28-29] Given that the results derived from 

different deep learning algorithms on various datasets 

cannot be directly compared, it is imperative to establish 

a unified and objective standard evaluation method. This 

will ensure a greater consistency in the assessment of 

model performance, thereby enhancing the reliability of 

the outcomes.

This study has several limitations. This study is 

based on previously published articles, and therefore may 

not capture emerging trends in research that has not yet 

been published. Additionally, the citation time-frame used 

in this study is restricted to high-impact articles published 

mainly before 2021, resulting in fewer articles from 2022 

onward that were included in the refined analysis. To 

obtain more concrete conclusions, a more robust study 

with a larger sample size is warranted. Although we 

analyzed ophthalmology research trends, data modality, 

volume, and types of studies, some other aspects of deep 

learning in ophthalmology research were not addressed 

in this paper. These aspects include data privacy and 

security, interpretability and transparency of AI models, 

and regulation and standardization of AI in practical 

applications. There are some articles that are not indexed 

in PubMed and do not have MeSH words, which is 

mitigated by our thorough analysis of titles and abstracts, 

ensuring a comprehensive review that minimizes the 

impact of this limitation on our study's findings. 

In conclusion, we showed that an LLM combined 

with in-depth manual analysis were capable of reviewing 

medical literature and extracting information. Using the 

LLM–assisted approach, we have identified trends and 

challenges among common ophthalmic DL research 
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and further provided prospects for future applications. 

This includes the necessity of validating AI models via 

real world clinical setting, and creating standardized, 

public accessible datasets to enhance collaboration, 

benchmarking for DL applications. Additionally, this 

study offers a practical approach to comprehensively 

investigate current status and future trends in the field, 

making it a valuable reference for other researchers.
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Supplementary Text
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OR TS="dry eye"

2.2 Ocular structure names

TS="retina" OR TS="fundus" OR TS="cornea" OR TS="choroid" OR TS="vitreous" OR TS="sclera" OR TS="fovea"

2.3 Common ocular examinations
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an autonomous AI-based diagnostic system for detection 

of diabetic retinopathy in primary care offices. NPJ Digit 

Med. 2018; 1: 39. DOI: 10.1038/s41746-018-0040-6.

23	 Natarajan S, Jain A, Krishnan R, et al. Diagnostic 
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Items LLMM-assisted group Non LLM-assisted group

Time(minutes)

Researcher 1 45 137

Researcher 2 38 130

Researcher 3 35 119

Mean 39 128

Accuracy(%)

Researcher 1 95 95

Researcher 2 97 99

Researcher 3 100 100

Mean 97 98

Supplementary Table S1  Comparison of time and accuracy between researchers working with and without assistance from the LLM

TS="ultrasound biomicroscopy image" OR TS="fluorescein angiography" OR TS="fundus autofluorescence" OR 

TS="indocyanine green angiography" OR TS="near-infrared reflectance" OR TS="red free"

3. Article publication period of January 2012 – September 2022
DOP=(2012-01-01/2022-09-30)

Combined search keywords
(TS="deep learning" OR TS="convolutional neural network" OR TS="transfer learning") AND (TS="diabetic retinopathy" OR 

TS="cataract" OR TS="congenital cataract" OR TS="glaucoma" OR TS="blindness" OR TS="age-related macular degeneration" 

OR TS="retinal disease" OR TS="diabetic macular edema" OR TS="vision loss" OR TS="retinopathy" OR TS="drusen" OR 

TS="keratoconus" OR TS="retinopathy of prematurity" OR TS="myopia" OR TS="eye disease" OR TS="visual impairment" 

OR TS="retinopathy of prematurity" OR TS="choroidal neovascularization" OR TS="geographic atrophy" OR TS="macular 

edema" OR TS="vision impairment" OR TS="retinal disorders" OR TS="ocular disease" OR TS="macular hole" OR 

TS="papilledema" OR TS="meibomian gland dysfunction" OR TS="retinal detachment" OR TS="dry eye" OR TS="retina" 

OR TS="fundus" OR TS="cornea" OR TS="choroid" OR TS="vitreous" OR TS="sclera" OR TS="fovea" OR TS="fundus 

image" OR TS="optical coherence tomography image" OR TS="OCT image" OR TS="slit lamp image" OR TS="ultrasound 

biomicroscopy image" OR TS="fluorescein angiography" OR TS="fundus autofluorescence" OR TS="indocyanine green 

angiography" OR TS="near-infrared reflectance" OR TS="red free") AND DOP=(2012-01-01/2022-09-30)

B. Search processes

1. A WOS search using the above search keywords (WOS link: https://www.webofscience.com/wos/alldb/summary/

b6a98fd9-b2a4-44cc-8ad6-4d274bcfd99e-5a146c4d/relevance/1)

2. A search in which the “field of research” is limited to ophthalmology (WOS link: https://www.webofscience.com/

wos/alldb/summary/18b67078-701e-4f66-9af3-533aa35f9a94-5a15082a/relevance/1)
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Im
age 

m
odality

Public datasets
Year

D
isease(s)

N
um

ber 
of im

ages
Im

ages labels
M

utiple expert 
annotation

Pixel-level lesion 
annotation

Im
ages from

 
healthy 
controls

R
eference

FP
M

agrabi
2019

G
laucom

a
94

Y
N

N
N

doi: 10.1109/C
BM

S.2019.00100

FP
M

ESSID
O

R
2014

D
iabetic retinopathy

1,200
N

N
N

Y
doi: 10.5566/ias.1155

FP
N

EW
 SIN

D
I

2018
G

laucom
a

5,783
N

N
N

N
doi: 10.1109/T

M
I.2018.2837012

FP
N

IH
 A

R
ED

S
2018

A
ge-related  

m
acular degeneration

5,664
Y

N
N

N
doi: 10.1016/
j.com

pbiom
ed.2017.01.018

FP
O

R
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A
2010

G
laucom

a
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N

N
Y

doi: 10.1109/IEM
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N
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K
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.
org.uk

FP, SLP
A

R
ED

S
1999

A
ge-related m

acular  
degeneration, cataract

9,386
N

N
N

N
doi: 10.1016/s0197-2456(99)00031-8

FP, O
C

T,
SLP

SEED
2021

Various age-related 
eye diseases

10,033
Y

N
N

N
doi: 10.1093/ije/dyaa238

O
C

T
H

eidelberg-D
M

E
2020

D
iabetic retinopathy

1,396
Y

N
N

Y
doi: 10.1109/JBH

I.2020.2983730

O
C

T
Triton-D

M
E

2020
D

iabetic retinopathy
3,248

Y
N

N
Y

doi: 10.1109/JBH
I.2020.2983730

O
C

T
university of m

iam
i

2019
D

iabetic retinopathy
5

Y
N

N
Y

doi: 10.1002/jbio.201500239

SD
-O

C
T

A2A SD
-O

C
T

2012
A

ge-related m
acular 

degeneration
345

Y
N

N
Y

doi:10.1016/j.ophtha.2012.07.004

SD
-O

C
T

C
U

H
K

2019
D

iabetic retinopathy
43

Y
N

N
Y

doi: 10.1109/IC
SIPA

.2017.8120661

SD
-O

C
T

D
uke

2013
A

ge-related m
acular 

degeneration
38,800

Y
Y

N
N

doi: 10.1016/j.ophtha.2013.07.013

A
S-O

C
T

SC
ES

2012
A

nterior cham
ber depth

1,060
N

Y
N

N
doi: 10.1016/j.ophtha.2012.01.011

O
C

TA
RO

SE
2020

R
etinal vessel 

segm
entation

229
Y

N
N

Y
doi: 10.1109/T

M
I.2020.3042802

FA
R

EC
O

V
ERY-FA19

2019
R

etinal vessel detection
8

Y
N

N
Y

doi: 10.21227/m
9yw

-xs04

FA
VA

M
PIR

E FA
2020

D
iabetic retinopathy

8
Y

N
N

N
doi: 10.1109/JBH

I.2020.2999257

Supplem
entary Table S2  (continued)


