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Topic: In ophthalmology, artificial intelligence (AI) demonstrates potential in using ophthalmic imaging across
diverse diseases, often matching ophthalmologists’ performance. However, the range of machine learning models for
epiretinal membrane (ERM) management, which differ in methodology, application, and performance, remains largely
unsynthesized.

Clinical Relevance: Epiretinal membrane management relies on clinical evaluation and imaging, with surgical
intervention considered in cases of significant impairment. AI analysis of ophthalmic images and clinical features could
enhance ERM detection, characterization, and prognostication, potentially improving clinical decision-making. This
scoping review aims to evaluate the methodologies, applications, and reported performance of AI models in ERM
diagnosis, characterization, and prognostication.

Methods: A comprehensive literature search was conducted across 5 electronic databases including Ovid MED-
LINE, EMBASE, Cochrane Central Register of Controlled Trials, Cochrane Database of Systematic Reviews, and Web of
Science Core Collection from inception to November 14, 2024. Studies pertaining to AI algorithms in the context of ERM
were included. The primary outcomes measured will be the reported design, application in ERM management, and
performance of each AI model.

Results: Three hundred ninety articles were retrieved, with 33 studies meeting inclusion criteria. There were 30
studies (91%) reporting their training and validation methods. Altogether, 61 distinct AI models were included. OCT
scans and fundus photographs were used in 26 (79%) and 7 (21%) papers, respectively. Supervised learning and both
supervised and unsupervised learning were used in 32 (97%) and 1 (3%) studies, respectively. Twenty-seven studies (82%)
developed or adapted AI models using images, whereas 5 (15%) had models using both images and clinical features, and
1 (3%) used preoperative and postoperative clinical features without ophthalmic images. Study objectives were cate-
gorized into 3 stages of ERM care. Twenty-three studies (70%) implemented AI for diagnosis (stage 1), 1 (3%) identified
ERM characteristics (stage 2), and 6 (18%) predicted vision impairment after diagnosis or postoperative vision outcomes
(stage 3). No articles studied treatment planning. Three studies (9%) used AI in stages 1 and 2. Of the 16 studies
comparing AI performance to human graders (i.e., retinal specialists, general ophthalmologists, and trainees), 10 (63%)
reported equivalent or higher performance.

Conclusion: Artificial intelligenceedriven assessments of ophthalmic images and clinical features demonstrated
high performance in detecting ERM, identifying its morphological properties, and predicting visual outcomes following
ERM surgery. Future research might consider the validation of algorithms for clinical applications in personal treatment
plan development, ideally to identify patients who might benefit most from surgery.
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In 1865, Iwanoff first described epiretinal membrane (ERM)
as a semitranslucent proliferation of cellular tissue on the
retina’s inner surface overlying the internal limiting membrane
(ILM), often at the macula.1 Epiretinal membranes consist of
an outer layer of noncellular extracellular matrix proteins and
an inner epiretinal cell layer, which becomes more contractile
due to an accumulation of myofibroblast-like cells and
extracellular matrix deposits.2 Epiretinal membranes affect
central vision, with symptoms including metamorphopsia
and lowered visual acuity.3 Symptoms often worsen over
time due to progressive thickening of the fibrous tissue.
ª 2024 by the American Academy of Ophthalmology
This is an open access article under the CC BY-NC-ND license
(http://creativecommons.org/licenses/by-nc-nd/4.0/). Published by
Elsevier Inc.
Epiretinal membranes are most commonly idiopathic,
whereas some can be secondary to trauma, surgery, or
another retinal disorder such as diabetic retinopathy or
retinal vein occlusion. This condition commonly affects
patients >50 years of age. Prevalence is reported to be
between 7% and 11%, increasing to approximately 20% in
patients >75 years of age.1,2 Symptomatic ERMs are
primarily managed surgically, requiring a pars plana
vitrectomy with ERM and ILM peeling.1

Artificial intelligence (AI) is a field within computer
science dedicated to designing intelligent machines.4
1https://doi.org/10.1016/j.xops.2024.100689
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Machine learning (ML) and deep learning (DL) models
applied to radiology, dermatology, pathology, and
ophthalmology have matched or exceeded human
performance on specifically defined tasks.4 In
ophthalmology, AI tools are primarily applied to
diagnostic imaging, capable of using fundus photographs,
OCT scans, and visual fields. The detection of diabetic
retinopathy, glaucoma, and age-related macular degenera-
tion are common applications of AI models that process
images.5e7 Models are developed using existing datasets of
images, which are either manually labeled by domain ex-
perts for ML-based models or are used “end-to-end” without
labeling by DL-based models, although models built using
unsupervised pretraining still require certain labeled exam-
ples as a baseline.4 These models are then validated with test
datasets, and their performance can be compared with a
reference standard (e.g., manual grading of images by an
ophthalmologist).

Some studies also show AI’s capability to make pre-
dictions of visual recovery or other postoperative outcomes
based on clinical features, such as, for example, visual
acuity, age, prior surgeries, and lens status.8 Thus, the
applications of AI in managing any ophthalmic disorder
are highly diverse, with each model being optimized to
handle a specific task. Given that the diagnosis of ERM
largely depends on OCT findings, AI-assisted tools would
ideally be applied to predict which patients may benefit most
from ERM surgery in the near future.1

This scoping review examines the current literature on AI
applications at each stage of ERM management, from
diagnosis to treatment. This study reports the diverse ap-
proaches to AI development and application in ERM man-
agement, specifically considering each model’s training and
validation methodology, role in ERM care, performance,
strengths, and limitations.

Methods

This scoping review was reported according to the Preferred
Reporting Items for Systematic Reviews and Meta-Analyses
extension for Scoping Reviews guidelines. A protocol was pro-
spectively registered with Open Science Framework (osf.io/g8tqb),
since the International Prospective Register of Systematic Reviews
is reserved for systematic reviews. Ethics approval from our
institutional review board was not required since this study utilized
publicly available published data. Given the high variability in AI
development methodologies, applications in ERM care, and per-
formance metrics, a scoping review was undertaken. On searching
the literature for existing scoping and systematic reviews, there
have been no similar studies compiling the literature on this topic
to the authors’ knowledge. This scoping review will thus sum-
marize existing literature that leverage AI using ophthalmic im-
agery or clinical characteristics at any stage of ERM care.

Search Strategy and Eligibility Criteria

Five electronic databases, including Medline, Embase, Cochrane
Central Register of Controlled Trials, Cochrane Database of Sys-
tematic Reviews, and Web of Science Core Collection, were searched
from inception to November 14, 2023. Our search strategy is found in
Appendix 1 (available at www.ophthalmologyscience.org). Neither
study type nor language restrictions were placed on the search. The
2

reference list of each included study was manually searched to
identify articles that were missed in the original search. Key terms
relating to or describing ERM were included, such as macular
pucker, preretinal macular fibrosis, surface wrinkling retinopathy,
epimacular proliferation, epiretinal fibrosis, epiretinal gliosis, and
cellophane maculopathy.

Selection Criteria and Data Collection

The selection criteria included (1) original investigations, including
peer-reviewed studies and preprints; (2) applied AI usage of
ophthalmic images or clinical characteristics at any stage of ERM
management; and (3) study population of any age with any type of
ERM and any comorbidity. Study exclusion criteria were (1) study
populations of nonhuman participants (e.g., animal studies), post-
mortem samples, or enucleated eyes; (2) conference abstracts,
opinion pieces, reviews, systematic reviews, and meta-analyses;
and (3) studies only using regression analyses. We included
studies utilizing AI for computer vision, those using AI with
structured tabular data, or a combination of the two. However,
regression analysis, a traditional ML tool, was omitted from our
search because of its ubiquity in modern research.

Articles included in the search were exported to Covidence
(Veritas Health Innovation) for screening. Two independent re-
viewers (D. Mikhail and D. Milad) screened the titles and abstracts
of each study. Full-text screening of the retained manuscripts was
then performed to determine eligibility for inclusion. Any conflicts
were resolved by consensus. Screened and included studies are
illustrated using the Preferred Reporting Items for Systematic Re-
views and Meta-Analyses extension for Scoping Reviews flow-
chart (Fig 1). The data were extracted onto a standardized form on
an Excel spreadsheet.

Synthesis of Evidence

Descriptive synthesis of the evidence found in the included studies
was conducted. Study and patient characteristics were first sum-
marized. Subsequently, a thorough account of each AI model’s
development and validation methodologies was included. This is
followed by a report of the characteristics of each model, such as
the type of AI, the input data (i.e., image or clinical data), the
model’s role in ERM management, and performance measure-
ments. The reported performance of the AI model relative to the
reference standard was also included, considering percent accu-
racy, area under the curve, sensitivity, specificity, precision, dice
similarity coefficient, correlation, and F-measure (F1) scores.
Given the lack of standardization in AI outcome reports, quanti-
tative statistical analysis could not be performed. A formal risk of
bias assessment was not performed.9

Results

Study and AI Characteristics

A total of 390 articles were obtained from the literature
search, and after the removal of duplicates, 240 studies
remained. From these, there were 33 studies that met the
inclusion criteria (Fig 1). The studies’ characteristics are
reported in Table 1. The studies were conducted in China
(36%), Spain (15%), Taiwan (12%), South Korea (12%),
Japan (9%), and Portugal (6%). There were 23 studies
(70%) that did not specify the type of ERM studied, 5
(15%) focused on idiopathic ERM only, 4 (12%)
classified ERM based on size, presence of retinal
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Table 1. Characteristics of Included Studies

Primary
Author,

Publication
Year Journal of Publication

Country of
Publication

Type of ERM, if
Specified Total Amount of Data

Training
Sample Size
(Images)

Validation Sample
Size (Images)

ting Sample
e (Images)

Number
of

Patients
Number
of Eyes

Mean Age
(±SD)

Sex n
(%

Male)

Ayhan, 2024 Nature Scientific Reports Germany Small ERM (100
e1000 mm)

Large ERM
(>1000 mm)

624 OCT volume
scans 11 061 OCT
images

8341 1146 1574 461 624 69.5 (95%
CI: 67.3
e71.7)

NR

Baamonde,
2019

Biomedical Optics
Express

Spain ERM 285 OCT images NR NR 285 NR NR NR NR

Baamonde,
2017

Advances in
Computational
Intelligence

Spain ERM 129 OCT images, from
which random
samples are taken

30 30 30 NR NR NR NR

Baamonde,
2017

Image Analysis and
Processing

Spain ERM 129 OCT images NR NR 120 NR NR NR NR

Bai, 2022 Frontiers in cell and
developmental biology

China ERM 1311 OCT images 787 262 262 439 878 53.2
(17.1)

213
(48.5)

Chen, 2023 International
Ophthalmology

China iERM 72 CFP 24 24 24 51 NR 59.7 (6.0) 17
(31.3)

Chen, 2023 Translational Vision
Science & Technology

China ERM 37 138 OCT images 27 210 6802 3126 775 NR NR 334
(43.1)

Choi, 2024 BMC Medical
Informatics and
Decision Making

Korea ERM 1552 CFP 1239 313 RFMiD
tabase: 695
C Database:

64

NR 1552 NR NR

Crincoli,
2023

Retina Italy iERM 1233 OCT images 828 180 225 411 NR 71 (7.9) 195
(47.4)

Dong, 2022 Jama Network Open China ERM CFP 103 970 20 794 967 (4031
M cases)

110 784 NR 44
(median)

29 370
(46.3)

Gende, 2022 Computerized Medical
Imaging and Graphics

Spain ERM 20 OCT volume scans
2427 OCT images

303 152 152 20 20 NR NR

Gende, 2021 Institute of Electrical and
Electronics Engineers

Spain ERM 20 OCT volume scans
2428 OCT images

304 152 152 20 20 NR NR

Hsia, 2023 Asia-Pacific Journal of
Ophthalmology

Taiwan ERM 600 OCT images 540 (training
and validation)

540 (training and
validation)

60 511 NR NR NR

Hung, 2023 Methods Taiwan ERM 1947 OCT images 1630 (training
and validation)

1630 (training and
validation)

317 NR NR NR NR

Irie-Ota, 2024 PLoS One Japan ERM Model 1: 22
preoperative features

Model 2: Postoperative
VA at 1, 3, and 6
months

NA NA NA 67 67 69.03
(7.39)

36
(53.7)

Jin, 2023 Journal of Clinical
Medicine

China ERM 4547 OCT images Segmentation:
210

Classification:
3220

Segmentation: 30
Classification: 460

entation: 60
C cation: 387

1046 1593 NR NR
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Table 1. (Continued.)

Primary
Author,

Publication
Year Journal of Publication

Country of
Publication

Type of ERM, if
Specified Total Amount of Data

Training
Sample Size
(Images)

Validation Sample
Size (Images)

Testing Sample
Size (Images)

Number
of

Patients
Number
of Eyes

Mean Age
(±SD)

Sex n
(%

Male)

Kim, 2021 Journal of Personalized
Medicine

Korea ERM 628 CFP 502 126 (validation and
testing simultaneous using

cross-validation)

126 (validation
and testing

simultaneous)

99 628 63.6 (7.6) 53
(53.5)

Kim, 2022 Retina Korea iERM 657 OCT images 460 98 99 657 688 65.1 (7.9) 190
(27.6)

Kuwayama,
2019

Journal of
Ophthalmology

Japan ERM 1200 OCT images 12 1100 (validation and
testing simultaneous)

1100 (validation
and testing

simultaneous)

300 600 NR NR

Lee, 2021 Electronics Korea ERM 43 221 CFP 33 894 9332 11 707 43 227 25 564 53.4
(10.97)

15 594
(61)

Li, 2022 British Journal of
Ophthalmology

China ERM 64 914 CFP 45 390 11 348 8176 5950 11 900 53.4 NR

Lo, 2020 Scientific Reports Taiwan ERM 3618 OCT images 3141 3141 (training and
validation)

477 (training and
validation)

964 1475 NR NR

Lu, 2018 Translational Vision
Science & Technology

China ERM 25 134 OCT images 22 017 22 017 (training and
validation)

3117 (training
and validation)

NR NR NR NR

Parra-Mora,
2021

Institute of Electrical and
Electronics Engineers

Portugal ERM 2160 OCT images 1404 156 600 608 NR NR NR

Parra-Mora,
2022

Computers in Biology
and Medicine

Portugal ERM 3101 OCT images ERM Dataset:
126

AROI Dataset:
947

HCMS Dataset:
833

AROI: 189 ERM: 124
HCMS: 882

NR NR NR NR

Shao, 2021 Scientific Reports China ERM and
secondary ERM

229 239 CFP 207 228 21 867 144 96 192 69.2 48 (50)

Sonobe, 2019 International
Ophthalmology

Japan ERM 529 3D-OCT images 423 (training
and validation)

423 (training and
validation)

106 389 NR 70.1 (8.2) 79
(38.5)

Tang, 2022 Ophthalmic Research China ERM 469 OCT images 422 46 NR 404 468 62 183
(45.3)

Touma, 2024 BioMed Central
International Journal
of Retina and Vitreous

Canada ERM 1173 OCT images
(207 ERM)

1055 total (70% training 30% validation)
(186 ERM)

118 (21 ERM) NR NR NR NR

Wang, 2020 Translational Vision
Science & Technology

China ERM 28 664 OCT images 11 987 2997 EENT Dataset:
7648

TENTH Dataset:
6032

2254 EENT:
956

TENTH:
754

NR EENT:
290

(49.5)
TENTH:

240
(51.6)

Wen, 2023 BMC Ophthalmology China iERM 5304 OCT images 3180 1068 1056 NR 442 66.2
(8.42)

31
(35.72)
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Mikhail et al � The Role of AI in ERM
disruptions, and membrane staging, and 1 (3%) included
secondary causes of ERM. Twenty-six (79%) of the
studies employed AI that solely used images, 5 (15%) used
images and clinical features, including visual acuity and
symptom duration, 1 (3%) used images and videos, and 1
(3%) used only clinical features.

Thirty of the studies (91%) included an in-depth report of
their AI training and validation methodology. In total, 61
algorithms were included. Table 2 summarizes the function,
strengths, and limitations of common AI algorithms
included in this review. Table S3 (available at
www.ophthalmologyscience.org) summarizes the methods
and performance of each algorithm in the included studies.
All models underwent specialized training protocols with
training images. Supervised learning was used in 32
studies (97%), and a combination of both supervised and
unsupervised learning was used in 1 study (3%).

Supervised and Unsupervised Learning

Of the algorithms trained via supervised learning, artificial
neural networks were most common. Of these, there were 41
(70%) convolutional neural networks (CNNs). Other algo-
rithms utilizing supervised learning included 4 (7%) random
forests, 3 (5%) Naive Bayes classifiers, 3 (5%) feed-forward
neural networks, 2 (3%) k-nearest neighbors, and 2 (3%)
support vector machines.

There was 1 (2%) algorithm trained via unsupervised
learning, namely principal component analysis. These tools
detected the presence of ERM, either through binary or
multiclass classification to distinguish ERM cases from
normal cases or other retinal pathologies, respectively.
Some multiclass classification also distinguished between
different presentations of ERM (e.g., attached or detached
from the retina).

Epiretinal Membrane Data and Management

Included studies were categorized by their algorithm’s role
in ERM care, defined in 3 stages: (1) diagnosis; (2) identi-
fication of ERM characteristics; and (3) postoperative
prognosis of anatomical or visual recovery or progression.
Included studies were subcategorized into whether their
model used ophthalmic images or clinical characteristics as
input data.

The imaging modalities used as input data were OCT
scans (26; 79%) and fundus photographs (7; 18%). In 4
(12%) studies, OCT parameters such as the presence of
ectopic inner foveal layer, cotton wool sign, foveal
detachment, ellipsoid zone interruption, fibrillary changes,
central macular thickness (CMT), the position of the ILM,
the ERM size, and a scan of the patient’s preoperative
macular center were assessed manually.10e13 In 1 (3%)
study, the optical density and optical density ratio of fundus
photographs were manually extracted and fed to the
model.14 In 5 (15%) studies, OCT parameters were
classified automatically.15e19 Five (15%) of studies uti-
lized models that used images and clinical data.13,14,20e22

One study used OCT images and videos.23 Another used
clinical data alone.24 Clinical features included ERM
thickness, patient demographics (e.g., age and sex),
5
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Table 2. Tasks, Advantages, and Disadvantages of the Most Common Artificial Intelligence Algorithms in iretinal Membrane Management

AI Algorithm Algorithm Tasks Type of AI Advantages Disadvantages

CNN Subset of ANNs that automates feature
extraction from input data. Contains
convolutional, pooling, and FC layers. Layers
become increasingly complex and identify
hierarchical feature representations from
image pixels until the object of interest is
recognized.

Supervised � Highly accurate in image recognition d
classification

� Automatic extraction of features impro s
efficiency and training time

� Able to leverage transfer learning to c r
premade models trained on large data ts
for particular tasks with smaller datase

� Require computational power and large
amounts of labeled data for training

� Without large datasets, prone to
overfitting, and requires data
modification (e.g., manually editing OCT
images to generate more data)

� Interpretability of model’s decision-
making is made challenging due to the
“black box” phenomenon

� Vulnerable to adversarial attacks on input
data, which can lead to incorrect
predictions; raises concerns about privacy
and reliability, especially in clinical
settings

FCN Subset of ANNs that augment CNNs by
changing the FC layers with convolutional
layers. These layers enable pixel-by-pixel
classification to identify objects and object
boundaries inside images.

Supervised � Flexibility in using images of any size d
of different resolutions

� Able to precisely segment and loca e
objects within images via spatial map

� Require fewer parameters than CN s,
increasing efficiency and speed

� Computationally demanding to train,
requiring plenty of diverse datasets

� Struggle to distinguish between similarly
shaped objects, requiring further
information

� Challenging to integrate domain expertise
(e.g., ophthalmology-specific parameters)
to improve performance, requiring custom
adjustments

SVM ML algorithms are used in binary classification
and regression. Classifies objects by identifying
the clearest boundary or point of difference
that separates them into different categories
(i.e., hyperplane).

Note: SVMs generally process structured data.

Supervised � Effective in high-dimensional spaces w h
many features (thus suitable for image
recognition)

� Manage nonlinear data (along w h
linear) via kernel functions

� Less sensitive to outliers and generaliza le
to different datasets

� Less susceptible to overfitting

� Performance is kernel function dependent
(difficult to predict which function the
model will choose)

� Inefficient multiclass classification
� Less effective if the data are “noisy” or

contain missing values

RF Constructs a group of decision trees trained on
random
parts of the dataset to make predictions.
Outputs mean (regression) or mode
(classification) of tree predictions. Ensemble
learning enables combination of multiple
model predictions to improve accuracy and
minimize overfitting

Note: RFs generally process structured data.

Supervised � Accurate and versatile
� Capable of handling missing or comp x

data
� Ensemble learning boosts robustness d

generalizability to different datasets

� Decision-making is based on combined
classifications of hundreds to thousands
of trees, making interpretability
challenging

� Struggles with new data that does not fit
into a category already learned in the
training data

� Biased toward highly representative
classes in the data
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preoperative best-corrected visual acuity (BCVA), symptom
duration, retinal vascular oxygen saturation, inner and outer
segment junction (IS/OS line) integrity, foveolar detach-
ment, foveal detachment, and CMT. Of these 5 studies, 2
(40%) applied AI to ERM diagnosis (stage 1), and 3 (60%)
designed their models to predict postoperative outcomes. In
total, 23 studies (70%) were classified under stage 1 of ERM
management, 1 (3%) in stage 2, and 6 (18%) in stage 3. In
addition, 3 (9%) studies implemented AI in stages 1 and 2.
Thirteen studies (39%) utilized AI models capable of mul-
ticlass classification, which distinguished between different
retinal disorders or graded the severity of the
ERM.10,14,16e20,23,25e33

Artificial Intelligence Performance

Each study reported its AI model’s performance quantita-
tively. There were 30 (91%) studies that performed pre-
liminary training and internal validation on their models and
reported the specific amount of data used. Three (9%)
studies stated that their model was trained but did not
specify the data used in their training set.11,12 Nine (27%)
papers externally validated their model, and each reported
their model’s performance as shown in Table S3.

Twenty-two (67%) studies completed comparative ana-
lyses on their model seen in Table S4 (available at
www.ophthalmologyscience.org). Six (18%) compared
their model either to identical models at different
hyperparameters or to different algorithms altogether. Each
study reported equivalent or higher performance in their
model compared to the AI comparator.12,14,19,23,32,33 None
of the studies confirmed the significance of observed
differences between the models’ AUCs by performing the
DeLong test.34

The remaining 12 (33%) papers performed additional
comparisons between their model and human graders.
Graders were retina specialists, general ophthalmologists,
ophthalmology trainees, medical students, or were generally
categorized as clinician experts. In these comparisons, the
human graders did not establish the ground truth. Ten (83%)
of these studies reported that their AI model performed
comparably to or outperformed the human graders. The
remaining 2 (17%) reported mixed results, with the AI
model outperforming only some of the human graders.14,35

Four additional papers (13%) used human graders to
establish the ground truth and noted inferior performance
of their model.10,16,28,29 Four (13%) studies used the
Cohen Kappa statistic to measure interrater reliability
between the human comparators and the model.18,25,31,36

Discussion

The majority of AI models implemented in ERM manage-
ment were CNNs trained via supervised learning. Super-
vised learning is an ML approach that uses labeled training
data, typically annotated by domain experts, to train models
by learning to map inputs to their corresponding ground
truth labels.37,38 These models have had numerous
applications in ophthalmology, including detecting
geographic atrophy from OCT scans.39,40 Generally, the
7
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Figure 1. PRISMA-ScR flowchart diagram. PRISMA-ScR ¼ Preferred Reporting Items for Systematic Reviews and Meta-Analyses extension for Scoping
Reviews.
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models included in this review used OCT scans or fundus
photographs for either binary or multiclass ERM diagnosis
(stage 1). Clinical features were used solely by 1 (3%)
study or in conjunction with ophthalmic imaging in 5
(15%) studies.13,20e22,24,41 These models were most often
designed to predict postoperative anatomical or functional
vision outcomes. Since winning the ImageNet Large Scale
Visual Recognition Competition in 2012, CNNs have
rapidly advanced to become the state-of-the-art DL algo-
rithm for computer vision.42e44 Convolutional neural net-
works are distinguished from traditional ML models by their
ability to identify essential image features without requiring
manual feature extraction by humans.45 Convolutional
neural networks can be catered for specific applications by
modifying the depth and organization of their layers, the
datasets on which they are trained, and the methods
employed to reduce overfitting.46 These separate variations
8

are also known as “architectures.” In this scoping review,
the most common CNN architecture was ResNet, which is
a deep network capable of complex tasks such as medical
image processing.47 In medical image analysis, CNNs
have shown potential in classification, detection, and
segmentation of a wide range of images in various
specialties.43,48

Most (91%) of the studies outlined how they trained,
validated, and tested their model. All the studies except 3
reported the specific number of images used for model
training. Since some models were designed for multiclass
classification, training images consisted of several ocular
pathologies, and the distribution of ERM-specific images
was not always clarified. Given that AI models for ERM are
dependent on large quantities of high-quality images
depicting the pathology, it is essential to document and
report the number of ERM-specific images on which the
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model was trained. Moreover, only 9 (27%) papers per-
formed external validation. Of these, 7 (78%) recorded
performance metrics on the external dataset. One paper re-
ported external validation but did not report their model’s
performance on the external dataset.18 In ML model
development, external validation involves testing the
model on new data from different sources compared to the
data used in training and internal validation.49 External
validity is an essential tool used to confirm the
generalizability of a model to new data and its
applicability to specific fields of study.49 Despite the
increasing use of external validation in prediction model
development, it remains currently underutilized in
prediction model studies.50 In addition, external validity as
an indicator for ML model generalizability has been
debated, with some researchers maintaining that validity
must be continuously assessed over time to ensure robust
performance.51

Each study recorded quantitative measurements of its
model’s performance. The most common metrics were ac-
curacy, area under the curve, sensitivity, and specificity.
Since this study focused on model performance assessing
ERM datasets, some studies only reported their model’s
overall performance on multiple datasets, which was noted
in Table S3. In general, the models with higher performance
(achieving accuracies >90%) were CNNs. Deep
learningebased models like CNNs were also advanta-
geous in bypassing several time-consuming steps required
for classical ML models to segment OCT images of the
ERM.12 These steps included preprocessing and manual
feature extraction from the images.

Some studies developed more than 1 model, performing
comparative analyses between models or benchmarking
their model against state-of-the-art models identified in prior
research. Several trends in these comparisons were
observed. Firstly, ensemble models tended to outperform
individual models. One study combined 6 CNN architec-
tures to create a high-performing ensemble model.31

Ensemble learning is a ML technique that leverages the
power of multiple AI algorithms to make more accurate
predictions than any single model.52 Another article
combined their CNN ensemble model with a Swin
Transformer, which improved model performance.35

Unlike typical transformers used in natural language
processing, Swin Transformers enhance image processing
through a unique self-attention mechanism with shifting
windows.53,54 These processes enable models to efficiently
scale to large images and datasets and capture those
images both in smaller patches and as a whole.54

Secondly, the performance of multimodal models tended
to be lower than models using images alone. Multimodal
models must seamlessly fuse ophthalmic imaging data with
key clinical features into a single feature set.55 Wen et al21

used a multimodal deep fusion network to combine
spectral domain OCT image data with clinical variables
such as age, preoperative BCVA, symptom duration,
foveolar detachment, and CMT. Despite noting improved
predictive power of their model, reported performance was
lower than models used exclusively for diagnostic
purposes. When comparing performance between different
AI models, it is thus critical to consider the model’s task,
the data used, and often the type and architecture of the
model.

Of the 16 studies comparing AI to human graders, 10
(63%) reported comparable or superior performance by their
model. Artificial intelligence models and human compara-
tors were tested on each stage of ERM management. Spe-
cific tasks included detection of ERM (stage 1),
identification of specific attributes of the ERM (stage 2), and
postoperative prognoses (stage 3). Artificial intelligence
models were also used by graders as an assistive tool, and
grader performance was compared with and without AI
assistance.56,57 In both studies, human grader accuracy in
identifying ERM presence and classifying severity
improved with AI assistance. It was reported that junior
clinicians’ improvements in accuracy were greater than
senior clinicians’ improvements. These results indicate
likely applications for AI-assisted management in ophthal-
mology education, both for trainees and ophthalmologists
alike. Notably, these studies reported that AI-assisted human
performance remained comparable to or was surpassed by
AI models operating independently.56,57

The International Vitreomacular Traction Study Group
proposed specific classifications for many disorders of the
vitreomacular surface; however, an ERM classification
system has not yet been proposed.58,59 Although clinical
studies have made independent ERM classifications, not
all have been validated, nor have they been shown to be
clinically useful.59e61 The integration of AI detection and
classification models may be used to validate existing ERM
classification systems, confirming perceived differences
between ERM classes. Existing AI models with reliable
ERM detection and the capacity of staging disease pro-
gression via integrated segmentation and classification net-
works may prove useful for this task.10,62 Moreover,
multimodal models integrating image and clinical data
may identify new associations between ERM morphology
and corresponding patient data that could prompt
innovative and robust classification systems.

Beyond ERM classification, AI models may help predict
the outcomes of surgical treatment for this disease.
Currently, ERMs are managed surgically, most often via
pars plana vitrectomy, ERM peeling, and ILM peeling.11,63

However, approximately 10% to 20% of patients with
idiopathic ERM will have either unchanged or worse
visual acuity postoperatively.21,64 Thus, there is a need for
improved prognostic prediction of ERM surgery
preoperatively. In this scoping review, 6 (18%) of the
studies leveraged AI to predict visual outcomes following
ERM surgery.11,13,21,22,24 Crincoli et al11 developed a DL
model that used the presence of fibrillary changes along
with known risk factors from spectral domain OCT scans
to accurately predict 1-year postoperative BCVA. Kim
et al13 built a multimodal DL model capable of integrating
patient demographic factors, comorbid diseases, and
specific surgical techniques into its prediction of
postoperative central foveal thickness and central foveal
thickness changes. These predictions were used to guide
the choice of combined vs. step-by-step phacovitrectomy
for ERM.65 Predictions were performed with and without
9
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clinical data consideration. Models using both clinical
information (e.g., age, sex, and presence of hypertension
or diabetes mellitus) and surgical information (i.e.,
whether ILM peeling was performed) outperformed
models using OCT scans alone.13 However, the model
was noted to be unreliable in predicting final BCVA and
BCVA changes, potentially due to insufficient patient data
and clinical variables. Accurate visual outcome predictions
may offer patients reasonable expectations regarding
potential visual improvements and risks following surgery,
facilitating informed patient decision-making.

There is also debate over the timing of ERM removal,
with conflicting findings that both earlier and delayed sur-
gery yield a better final BCVA.64 The potential for accurate
postoperative prognosis may enhance our understanding of
optimal timing for surgery and may even guide
ophthalmologists’ choice of surgical technique. Hsia
et al65 developed a DL model capable of discerning the
severity of visual impairment from ERM. Their model
was able to determine the degree of visual impairment
caused by ERM in patients with ERM and visually
significant cataracts to guide the choice of single or
combined surgery on individual OCT images. Given that
ERMs may be complicated by other ocular comorbidities,
the choice of performing advanced surgical procedures or
combined procedures is difficult to predict preoperatively.
Deep learning models are capable of considering
numerous risk factors, clinical variables, and data than
ordinary prognostic tools.

Foundation models are large AI models based on deep
neural networks and self-supervised learning. Seminal work
by Zhou et al66 used RETFound, a foundation model,
designed for generalizable disease detection from retinal
images. RETFound was trained on 1.6 million unlabeled
retinal images using self-supervised learning and subse-
quently fine-tuned with a much smaller set of labeled data to
accurately detect both ocular pathologies and complex
systemic disorders from these images. This model out-
performed comparator models, which required considerable
annotations from experts and were designed with highly
specific applications. Foundation models could be adopted
to efficiently design models trained on large swaths of data
with specific downstream applications, such as the diagnosis
and prognosis of ERM.

Although the majority of models used supervised
learning, none of the studies were based on reinforcement
learning. Reinforcement learning is a learning strategy using
feedback in the form of rewards or penalties, allowing the
model to refine its performance through iterative learning to
achieve a particular goal. Reinforcement learning could
enhance all aspects of ophthalmic surgery by optimizing
surgical timing and enabling intraoperative automation,
which could range from warning systems to autonomous
robotic procedures.67 The management of ERMs is
clinically challenging, requiring consideration of patient
vision, subjective complaints, imaging findings, and risks
to surgery. Models trained using reinforcement learning
may improve surgeons’ expertise and safety in managing
complex ERM cases.
10
The most common limitations cited in the included
studies were related to data quality, amount, and diversity.
Artificial intelligence models are highly reliant on the
quality of data used to train them. Poor model perfor-
mance was attributed to inadequate illumination of OCT
scans, which affected accuracy of classification.15 Further,
1 model misclassified ILM for ERM due to instances when
the OCT was aimed perpendicularly at the ILM, creating a
brighter region.15 Variation in image quality often
depends on the imaging devices and modalities used by
different medical centers. Thus, acquiring data from
different patient samples and hospitals often require
added image quality control steps. Given the inherent
variation in these preprocessing techniques by
technicians and ophthalmologists, a standardized
protocol is needed. Moreover, insufficient ERM-specific
datasets and patient sample diversity during model
development led to worse performance, particularly when
algorithms classified mild ERMs, which were underrep-
resented in the training data.12 Publicly available ERM
datasets are rare, according to the literature, compared to
diabetic eye disease, glaucoma, and age-related macular
degeneration.68 None of the included studies used publicly
available datasets for their training data, but 1 study (3%)
used public data for external validation.69 All other studies
used proprietary data, most often acquired via ethics
approval from their affiliate hospital. As AI models
evolve to support increasingly complex applications in
ophthalmology and medicine, the growing demand for
high-quality data underscores the need for new, publicly
accessible datasets.

Artificial intelligence models, particularly DL systems,
suffer from the black box phenomenon, which describes the
inherent lack of interpretability of AI model decision-
making by humans.70 Gradient-weighted class activation
mapping (Grad-CAM) is one approach to combat the black
box problem that highlights the regions on an image most
relevant to the model’s classification decisions.35 One study
found that the heat maps generated by Grad-CAM
confirmed the regions on an OCT used by ophthalmolo-
gists to detect ERM.35 Although Grad-CAM is a commonly
used technique to make AI more explainable, its validity in
localizing objects in an image has been debated.71 For
instance, Grad-CAM was found to highlight image regions
not implicated in its decision-making, prompting the crea-
tion of new techniques such as HiResCAM, which may
address these shortcomings.72 Additionally, attention
mechanisms, such as image attention and region attention
modules, can augment model interpretability by
identifying and focusing on the most relevant regions of
the input data and prioritizing critical data for
classification.73,74 These mechanisms can surpass
traditional methods such as Grad-CAM by integrating
interpretability into the model’s design.39

To conclude, this scoping review has explored the
current literature surrounding AI implementation in ERM
care. We discussed the most commonly used AI models,
different architectures, training and validation strategies,
and tasks by 30 included articles. The models’
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performance metrics were reported and summarized,
along with trends noted in their strengths and weaknesses.
None of the articles in this review integrated their models
clinically to manage ERM. As AI models progress to
handle more complex, multimodal data, their clinical
utility may expand to offer personalized management
plans based on a multitude of factors. Future research
should test AI models on larger ERM datasets and expand
the current image repository to include ERMs at different
stages and severity.
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