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Abstract

Purpose To synthesize evidence on deep learning applications for diagnosing central serous chorioretinopathy
(CSCR), a macular disorder associated with vision loss, this systematic review categorized studies by diagnostic task
and imaging modality. The study evaluates advances in deep learning performance, clinical integration potential,
dataset limitations, and the contributions of multimodal imaging and Explainable Al (XAl) to diagnostic accuracy and
clinical decision-making.

Methods We conducted a PRISMA-compliant systematic review of PubMed, Scopus, and IEEE Xplore, including
peer-reviewed English-language studies published from January 1990 to February 2024 that reported quantitative
deep learning metrics for CSCR diagnosis. A two-stage selection process was applied (Cohen’s k=0.84), resulting in
96 studies for analysis. Risk of bias was evaluated using the QUADAS-2 tool, and data were synthesized by imaging
modality, model architecture, and diagnostic task.

Results Deep learning models demonstrate exceptional performance in CSCR diagnosis. DenseNet architectures
applied to optical coherence tomography (OCT) images achieved peak Metrics, including 99.78% accuracy, 99.68%
sensitivity, and 100% specificity. Segmentation models for subretinal fluid (SRF) reported Dice scores of up to 0.965,
while multimodal models for differential diagnosis achieved an area under the curve (AUC) of 0.999. Despite these
advances, clinical adoption remains limited by several challenges: scarce and imbalanced datasets (e.g., SRF/non-SRF
ratio of 1:8), lack of open-access datasets and models, risks of overfitting, and insufficient external validation. Emerging
approaches, such as few-shot learning and diffusion models, are promising for mitigating data constraints; however,
improvements in dataset quality and the implementation of rigorous cross-institutional validation are essential for
real-world deployment.

Conclusions By leveraging OCT and multimodal imaging data, deep learning has the potential to transform CSCR
diagnosis through enhanced accuracy and automation. However, translating these advances into routine clinical
practice necessitates overcoming key challenges, including limited and heterogeneous datasets and models

with restricted generalizability. Future research should prioritize standardized reporting frameworks, transparent
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model interpretability through XAl, and rigorous large-scale validation. Essential strategies include employing
federated learning to leverage distributed data, implementing effective multimodal fusion techniques, and fostering
collaborative frameworks to improve diagnostic accuracy, ensure algorithmic fairness, and enable real-world clinical

applicability.
Keywords Diagnosis, Retinopathy, Central serous chorioretinopathy, Artificial intelligence, Machine learning, Deep
learning

Background detachment (PED) [1-4]. It is the fourth most com-

Central serous chorioretinopathy (CSCR) is a macular
disorder characterized by subretinal fluid (SRF) accu-
mulation, often accompanied by pigment epithelial
detachment (PED). This results in neurosensory retinal
detachment and visual impairment. The diagnosis of
this condition remains challenging due to the variable
presentations of the disease, the overlap with other reti-
nal diseases, and the limitations of conventional imag-
ing interpretation. Advancements in imaging modalities,
including but not limited to optical coherence tomog-
raphy (OCT), fundus fluorescein angiography, and
indocyanine green angiography, have led to significant
progress in the visualization of CSCR. However, man-
ual interpretation is a time-consuming process that is
also subjective and prone to variability. This has led to
an increased interest in artificial intelligence (AI) and
deep learning (DL) for the automated diagnosis of Medi-
cal conditions. This review synthesizes evidence on DL
applications for CSCR diagnosis, focusing on Model per-
formance, imaging modalities, and clinical integration. A
systematic search of PubMed, Scopus, and IEEE Xplore
yielded 96 studies (January 1990—February 2024) report-
ing quantitative Metrics for DL-based CSCR diagnosis.
The studies were then categorized based on their diag-
nostic task, which included classification, segmentation,
differential diagnosis, and prognosis. Bias assessment of
the studies was conducted using the Quality Assessment
of Diagnostic Accuracy Studies 2 (QUADAS-2) tool.
Despite the high accuracies reported for models such as
DenseNet and EfficientNet on OCT images, their clini-
cal adoption is limited by several factors. These include
dataset scarcity, class imbalance, a lack of external valida-
tion, and limited interpretability. Emerging approaches,
including multimodal fusion, few-shot learning, and dif-
fusion models, show promise but require further valida-
tion. This review underscores the need for standardized
reporting, diverse datasets, and collaborative frameworks
to enable clinically applicable, interpretable, and ethically
sound DL-based CSCR tools.

Introduction

Clinical background of CSCR

CSCR is a macular disorder characterized by the accu-
mulation of SRE leading to neurosensory retinal
detachment, often accompanied by pigment epithelial

mon retinopathy after age-related macular degenera-
tion (AMD), diabetic retinopathy (DR), and retinal vein
occlusion (RVO), predominantly affecting individuals
aged 30-50 years [5]. The prevalence is approximately
9.9 per 100,000 in Males and 1.7 per 100,000 in females
[6]. Although the precise etiology remains unclear [7]
factors such as psychological stress, corticosteroid use,
and genetic predisposition have been implicated [8].
Common clinical manifestations include central vision
distortion, blurred vision, central scotoma, altered color
perception, micropsia, and metamorphopsia.

Pathophysiology and risk factor

In addition to subretinal fluid (SRF) accumulation, the
underlying pathophysiology of CSCR involves choroidal
hyperpermeability, vascular dysfunction, and systemic
influences [9]- [10]. Corticosteroid use and psycho-
logical stress, associated with elevated cortisol and epi-
nephrine levels, contribute to dysregulation of choroidal
vascular tone. This dysregulation increases hydrostatic
and osmotic pressures, leading to vascular conges-
tion, choroidal thickening, and impaired autoregula-
tion of choroidal circulation. These alterations result in
increased vascular permeability, weakening of retinal
pigment epithelium (RPE) tight junctions, and disrup-
tion of the blood-retina barrier, ultimately causing fluid
leakage beneath the RPE and SRF accumulation [11-17].
Furthermore, irregular PEDs have been linked to genetic
susceptibility, including variants associated with AMD
[18]. Advances in imaging, such as OCT angiography
(OCTA), and artificial intelligence (AI) applications [19]
have deepened understanding of these mechanisms,
while steroid withdrawal and stress management remain
therapeutic mainstays. In the future, research should
focus on the integration of genetic profiling with multi-
modal Al analytics [20]. This integration will enable per-
sonalized CSCR care, enhancing therapeutic efficacy and
patient outcomes.

Diagnostic process

In CSCR, SRF spontaneously resolves in most acute
cases; however, persistence beyond several months can
result in outer retinal damage, chronic disease progres-
sion, and choroidal neovascularization (CNV) [11]-
[12]. A substantial body of research has indicated that
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approximately 12.8% of patients may experience perma-
nent visual impairment or blindness due to inadequate
disease management and SRF-induced damage to the
RPE and photoreceptors [21]. Consequently, timely and
accurate diagnosis is imperative for effective manage-
ment. CSCR evaluation entails a meticulous appraisal
of symptoms, medical and surgical history, and imaging
findings [see Appendix A]. However, the presence of sub-
clinical manifestations and inherent variability compli-
cates the diagnostic process [22].

Imaging modalities in CSCR

Imaging is vital for diagnosing, monitoring, and manag-
ing CSCR. Different imaging methods provide comple-
mentary insights into disease characteristics, treatment
response, and differentiation from other retinal disor-
ders. The following summarizes key imaging techniques
commonly used to evaluate CSCR.

+ Optical coherence tomography (OCT): is a non-
invasive imaging technique that produces high-
resolution, cross-sectional images of the retina,
enabling diagnosis and management of macular
diseases, including CSCR [2]. Ophthalmologists can
visualize and measure the thickness of individual
retinal layers, and sequential OCT scans allow
monitoring of disease progression and treatment
response. OCT is a particularly valuable diagnostic
tool for distinguishing CSCR from pachychoroid
neovasculopathy (PNV) and polypoidal choroidal
vasculopathy (PCV) [23]. High-resolution
swept-source OCT (SS-OCT) enables enhanced

Table 1 Imaging modalities alongside cscr's hallmark findings

Modality  Features Clinical Limitations
Applications
oCT High-resolution  SRF/PED Limited leakage
cross-sectional measurement point localiza-
tion; artifacts in
hemorrhage
CFP Digital retinal Early RPE changes  Poor SRF
images visualization
FAF Hyperfluores- Highlighting Not applicable for
cence area atrophic or structural analysis.
detachment-relat-
ed fluorescence
patterns.
ICGA Choroidal Hyperpermeability lodine allergy

contraindications;
no quantitative

vasculature detection

standards
FFA Time-lapse “Smokestack”leak- Invasive dye risk;
sequences age patterns poor choroidal
detail
OCTA Dye-free capillary Choriocapillaris Signal attenuation

imaging flow in pigmented RPE
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visualization of deeper ocular structures, including
the choroid [24]- [25].

+ Color fundus photography (CFP): is a widely
used method for capturing digital images of the
retina [26]. However, SRF and RPE changes are
often challenging to detect through funduscopic
examination.

» Fundus autofluorescence (FAF): is a non-invasive
diagnostic adjunct used to detect CSCR. FAF images
typically reveal hyperfluorescence in areas of atrophy
and neurosensory retinal detachment caused by SRF
and RPE changes, providing critical insight into the
pathophysiology of CSCR. In chronic cases, FAF
effectively highlights RPE damage [27-31].

+ Indocyanine green angiography (ICGA): is an
imaging technique that utilizes infrared light to
detect choroidal vascular abnormalities and evaluate
areas of choriocapillaris nonperfusion [32]- [33].

+ Fundus fluorescein angiography (FFA): is a well-
established diagnostic tool for CSCR. This technique
utilizes time-lapse imaging to assess structural and
hemodynamic changes in the retinal vasculature,
detect leakage, and identify vascular occlusions.
CSCR can be distinguished from other retinal
diseases by characteristic FFA patterns, such as the
‘smoke stack’ or ‘inkblot’ appearance [34]- [35].

+ Optical coherence tomography angiography
(OCTA): is a non-invasive imaging technique that
visualizes the retinal and choroidal vasculature [36]—
[37]. Relative to FFA, OCTA is faster and does not
require the administration of exogenous dye.

The key characteristics, diagnostic utility, and modality-
specific limitations relevant to imaging-based CSCR
diagnosis are summarized in Table 1.

A notable limitation of OCT in CSCR diagnosis is its
inability to precisely localize leakage points, which are
imperative for confirming the diagnosis and guiding
treatment. In contrast, FFA offers precise identification
of leakage points [19]. In acute CSCR, the retinal pigment
epithelium (RPE) is typically relatively intact [38]. The
primary purpose of FFA is to enhance visualization of the
retinal vasculature, facilitating differentiation between
acute and chronic CSCR [39]. Both FFA and ICGA are
critical for accurate diagnosis, and their combined use
can detect polyps in polypoidal choroidal vasculopathy
(PCV) or ischemic changes in diabetic macular edema
(DME). Consequently, a multimodal imaging approach is
essential for comprehensive assessment of choroidal and
RPE status [40]— [41].

Diagnostic challenges
Conventional diagnostic methods for CSCR mainly rely
on manual image interpretation [4, 20]. This approach
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is subjective, time-consuming, and affected by inter-
observer variability, making diagnostic consistency dif-
ficult [42-47]. Traditional techniques also struggle to
detect early-stage disease, quantify changes during dis-
ease progression or treatment, and monitor shifts in sub-
retinal fluid or retinal structure over time [3, 42]— [43,
48]. These limitations can delay diagnosis and hinder
optimal treatment decisions [4, 22, 42—-47]. As a result,
clinical practice is increasingly turning to advanced imag-
ing modalities and automated systems that integrate mul-
tiple imaging sources. Conventional image processing
and classical machine learning are predicated on hand-
crafted features and exhibit inconsistent generalizability
[49]. Deep learning is a promising approach that uses
multilayer neural networks to find complex patterns in
data. This can lead to more reliable and automated CSCR
diagnosis.

Rationale for deep learning integration

Deep learning models facilitate automated and objective
solutions, enhancing diagnostic accuracy and enabling
early intervention [25-27]. These models can identify
features associated with CSCR, such as SRF, PED, varia-
tions in choroidal thickness, and disruptions in the outer
retinal layers as observed on OCT. Additionally, they
assist in detecting changes in the RPE and serous retinal
detachment on CEFPs, choroidal hyperpermeability on
ICGA, and leakage points on FFA. Convolutional neu-
ral networks (CNNs) represent the most widely adopted
deep learning method for automating the diagnosis of
CSCR in retinal images. This approach reduces depen-
dence on subjective interpretation and facilitates earlier,
more effective intervention [50-52]. CNNs demonstrate
high accuracy in segmenting SRF and PED, which are
essential features for CSCR diagnosis, with Dice coeffi-
cients consistently exceeding 0.95. These particular deep
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learning networks are structured to learn spatial hier-
archies of features, progressing from low- to high-level
representations. The architecture of CNNs is inspired by
the organizational structure of the animal visual cortex
[53]. As illustrated in Fig. 1, CNN architectures typically
include convolutional layers to extract hierarchical fea-
tures from input images, pooling layers for dimensional-
ity reduction, and fully connected layers for classification
or regression.

Methods

Literature search and Article selection

A PRISMA-compliant systematic review was conducted
(Fig. 2). Databases (PubMed, Scopus, IEEE Xplore) were
searched using the following terms: “central serous cho-
rioretinopathy,” “deep learning for CSCR diagnosis,
“artificial intelligence in ophthalmology,” “retinal image
analysis,” “optical coherence tomography (OCT),” “color
fundus photography (CFP),” “Fundus fluorescein angi-
ography (FFA),” “fundus autofluorescence (FAF),” “indo-
cyanine green angiography (ICGA), and “multimodal

images”

Inclusion criteria

We included studies that utilized deep learning for the
diagnosis of CSCR from retinal images, reported quan-
titative performance metrics (e.g., accuracy, AUC, Dice
coefficient), and were peer-reviewed articles published in
English between 1990 and 2025.

Exclusion criteria

Non-English studies, non-quantitative reports, and non-
CSCR retinal diseases were excluded from the analysis.
Quantitative metrics objectively assess deep learning
model performance. Excluded studies lacked these met-
rics to maintain methodological consistency and allow

Differential Diagnosis & .

OCT images as Input |

—> CSCR

—» AMD

— DME

— Normal

| Convolutional and pooling layers repeated N times |

/

| Output layer

Fig. 1 Typical architecture of a CNN for a classification task

Fully connected
dense lavers
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PRISMA Flowchart

IDENTIFICATION
Database Search Identified Records (n = 167)
Other source 1dentified records (n = 0)

SCREENING
Records screened (title/abstract review): n = 167
Records excluded: n=71

ELIGIBILITY

Full-text articles assessed for eligibility: n =96
Full-text articles excluded: (criteria applied)

INCLUDED
Studies included 1n final evaluation: n = 96

Fig. 2 PRISMA flowchart of the study selection

for a robust comparison of results. The review was Inter-Reviewer agreement

restricted to English-language articles to ensure accurate A two-stage process, involving title and abstract screen-

interpretation of study details. This was necessary due ing by two independent investigators, resulted in 96

to resource constraints and the potential for linguistic  articles from 167 initial articles being selected for final

biases in data extraction and interpretation. evaluation (Cohen’s k=0.84), indicating a high level of
inter-reviewer agreement.
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Risk-of-Bias assessment

To ensure methodological rigor and transparency, a
risk-of-bias (RoB) assessment was conducted for the 96
studies included in this systematic review. The evalua-
tion employed the QUADAS-2 (Quality Assessment of
Diagnostic Accuracy Studies) framework, adapted for
Al-based diagnostic research with additional criteria
addressing dataset quality, model validation, and repro-
ducibility. The QUADAS-2 analysis revealed the follow-
ing results: overall, 28% (27/96) of studies were rated as
low risk, 33% (32/96) as high risk, and 39% (37/96) as
unclear risk. Domain-specific assessments indicated
high-risk proportions in Patient Selection (65%), Index
Test (35%), and Reproducibility (82%).

Data extraction and analysis

The following data were extracted: imaging modalities,
deep learning architectures, datasets, and performance
metrics. The narrative synthesis entailed a systematic
integration of findings to provide a coherent understand-
ing of the applications of deep learning in diagnosing
CSCR. The identification of key challenges and limita-
tions in each study was documented to highlight research
gaps [54—58]. The studies were subsequently categorized
by tasks, which included classification (binary/multi-
class), segmentation, differential diagnosis, and progno-
sis. The studies were then grouped by themes, including
binary classification, segmentation, differential diagnosis,
and prognostic monitoring. Each study in a given cat-
egory was subjected to analysis, and contributions were
systematically organized by input type, sub-task, and
methodology. A tabular presentation of the methods,
datasets, and model performance metrics was also made.
The findings were interpreted in the context of clini-
cal applications, scalability, and model integration into
diagnostic workflows. Finally, future research directions
to enhance the diagnostic accuracy of CSCR using deep
learning were discussed.

Results

Multiple methodologies have been employed for CSCR
diagnosis, including Vision Transformers (ViTs) [48]
Capsule Networks [59]and image processing techniques
such as discrete wavelet transform (DWT) and local
binary patterns (LBP) [60]. Classical machine learning
algorithms, such as support vector machines (SVM),
random forests (RF), and logistic regression (LR), as well
as multimodal fusion models [61]have also been inves-
tigated. Deep learning models demonstrate superior
performance, achieving high diagnostic accuracy and
computational efficiency. Reported applications include
segmentation, diagnostic classification, prognostic pre-
diction, and feature extraction. Figure 3 illustrates the
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range of CSCR research approaches, from screening to
subtype classification.

Comparative tabular summaries of methodologies,
datasets, input modalities, and performance metrics pro-
vide a comprehensive overview of the current state of the
art in CSCR diagnosis and management.

Datasets overview, sources, quality, and class distribution
The referenced studies utilize a mix of public, clinical,
and proprietary datasets, primarily drawn from OCT,
CEP, FFA, and FAF imaging modalities. Public datasets
like OCTID [45] consist of a public OCT dataset with
934 images (normal: 618, CSCR: 306) and the Retinal
Fundus Multi-Disease Image Dataset (REMiD) [62]which
contains public CFPs for CSCR classification. Clinical
datasets are collected from hospitals, including Hangil
Eye Hospital and Zhejiang University Hospital. In-house
collections encompass custom datasets for specific stud-
ies, as evidenced by works such as Zhou et al. and Xu et
al. Preprocessing techniques reported in CSCR-related
studies frequently include noise reduction (e.g., median
filtering), contrast enhancement through histogram
equalization, and geometric adjustments such as crop-
ping and resizing. Data augmentation strategies, includ-
ing rotation and flipping, are widely employed to mitigate
overfitting. More advanced approaches involve denoising
algorithms [59] and systematic exclusion of low-quality
images [19]. Acquisition protocols, including high-quality
en-face OCT [63] and 1- and 7-line raster scans [43]are
crucial for generating comprehensive and detailed retinal
imaging. The overall quality of the image is influenced
not only by acquisition protocols but also by the exclu-
sion of suboptimal scans and the rigor of preprocess-
ing methods. Binary classification datasets commonly
compare CSCR with normal controls (e.g., Hassan et al.,
2021: CSCR =306, Normal = 628). Multi-class approaches
extend to CSCR subtypes, such as acute, chronic, or non-
resolving (Yoon et al.,, 2022), and enable differential diag-
nosis among CSCR, AMD, CNV, DME, and drusen (He
et al., 2023). Class imbalance remains a critical issue, as
shown in Xu et al. (2021) [64] (serous retinal detachment
(SRD, typically caused by SRF): 1,183 vs. non-SRD: 9,375)
and Khan et al. (2023) (CSCR: 166 vs. Normal: 745).
Persistent challenges include small sample sizes (e.g.,
Aoyama et al,, 2021 with only 100 images), class imbal-
ance, and variability in imaging protocols [28-30]. Distri-
bution of the samples, illustrated in [Appendix B].

Task-Specific model performance

Binary classification

The objective of this section is distinguishing between
CSCR vs. non-CSCR, SRD vs. non-SRD, and macula-off
SRD vs. macula-on SRD.
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Approaches to CSCR

Others

12% \

Prognosis prediction '
16%

Differential

diagnosis

16%

* CSCR diagnosis (Binary Classification)

* CSCR-rclated featurcs Scgmentation
» Differcntial diagnosis

Fig. 3 Deep learning approaches to CSCR

Input modalities The reviewed studies use three types of
input data: OCT (B-scan, En-face), CFP, and Blue-Wave-
length Fundus Autofluorescence (BWFA) [65].

Common models Various deep learning strategies, pri-
marily based on CNN architectures such as DenseNet,
AlexNet, GoogleNet, and ResNet-18 are commonly
used, as are multimodal fusion models like CA-Net [66].
Transfer learning with pre-trained networks (e.g., VGG-
16, VGG-19, InceptionV3) [67] and custom CNN mod-
els built on platforms such as the Sony Neural Network
Console (NNC) has also been reported. For SRD classi-
fication, approaches based on deep CNN architectures,
such as EfficientNet-B0, have been utilized. EfficientNet-
BO offers a balance between model depth and complexity,
thereby achieving high diagnostic accuracy. CA-Net uses
lightweight designs, including: MobileNet to improve effi-
ciency. The binary classification methods, along with their
respective datasets and performance metrics, are detailed
in Table 2.

Key observations OCT B-scans were the predominant
imaging Modality. DenseNet demonstrated exceptional
performance, achieving an accuracy of 99.78% for CSCR
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CSCR diagnosis (Binary
/ Classification)
, 22%

CSCR Sub_Types
/

CSCR-related features
Segmentation
25%

\
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* Prognosis prediction
* Others

diagnosis on OCT images. Conversely, Models employ-
ing CFP demonstrate variability, with accuracies ranging
from 85.7 to 94.6%. Furthermore, ResNet, when applied
to OCT images, and VGG-19, when employed on BWFA
images, have achieved accuracies that surpass 97% in
binary classification. Notably, the Sony NNC-based
model outperforms VGG-16 in CSCR detection. CA-
Net, leveraging attention mechanisms and lightweight
designs, demonstrated improved lesion detection; how-
ever, its performance was validated using datasets unre-
lated to CSCR (i.e., the COVID-19 X-ray dataset and the
Lymphoma dataset). This underscores the importance of
conducting external validation using CSCR-specific or
ophthalmic datasets to ensure generalizability.

Performance evaluation metrics The most common
evaluation metrics used in the reviewed studies are accu-
racy and AUC.

TP + TN

A =
CCUAY = TP T TN + FP + FN
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Table 2 Comparative performance of deep learning models for CSCR detection

Study Input Task Method Dataset Accuracy Remarks
Hassanetal, OCT  CSCRvs.  AlexNet, Public dataset (OCTID) AlexNet: 99.6%; Pre-trained CNNs excel
2021 [4] (B Non-CSCR  GoogleNet, Total:500 (Macular Hole, AMD, CSCR, DR,  GoogleNet: 96.4%; in binary tasks
scan) ResNet-18 Normal), 100 images per class ResNet-18:98.2%
Aoyamaet OCT  CSCRvs.  From scratch (Back- Clinical OCT dataset, Total: 100 VGG16: 88.0%; The Sony platform has
al, 2021 [63]  (En Non-CSCR  end_VGG16), Sony (CSCR:53, Normal: 47) Sony NNC: 95.0%  better performance.
face) NNC + Grad-CAM
Xu et al,2021 CFP SRD vs. EfficientNet-B0 Total:10,558, SRD:1,183, non-SRD: 9,375.  SRD/non-SRD: Effective for macula-
[61] Non-SRD 1,183 SRD images to discern macula-off  0.920 on/off SRD
SRD from macula-on SRD Macula on/off:
0.852
Nelson et BWFA CSCRvs.  VGG-19 local eye hospital in Cochin, Kerala, 97.3% High accuracy with
al,2023 [65] Non-CSCR India: Normal:1600, CSCR: 1608 VGG-19
Zhou et CFP CSCRvs.  CA-Net In-house CFP dataset, Total: 556 94.6% Attention to the
al. 2020 [66] Non-CSCR  (DenseNet+MobileNet) (CSCR:409, Normal: 147) patch containing the
lesion to enhance
discrimination.
Zhen et CFP CSCRvs.  InceptionV3and 2 Inter-  Clinical CFP dataset, Total: 2504 85.7% Lower performance vs.
al, 2020 [67] Non-CSCR  rater comparisons (CSCR:1329, Normal:1175) OCT-based models
Hassan SAet OCT, CSCRvs.  DenseNet, DarkNet Clinical OCT dataset, Total 309 Accuracy: 99.78%,  The proposed model is
al, 2023 [68] CFP Non-CSCR (CSCR:102, Normal:207) Sensitivity: 99.6%,  effective and efficient

Clinical CFP dataset, Total: 52 (CSCR:14,

Normal:38)

for CSCR detection
using the OCT dataset.

Specificity:100%,
F1 score: 99.52%

« AUC: Plots True Positive Rate (TPR) vs. False
Positive Rate (FPR) across thresholds.

While accuracy is often prioritized, sensitivity, specificity,
and precision are crucial for clinical relevance. However,
it is important to acknowledge that certain studies do not
explicitly report these measures.

Sensitivit s
NS1T1V1 = —_—
CUSIVILY = TP T FN
TN
Specificity = TN £ 7P
Droi TP
recision = —m——
€C1S10! TP T FP

Another validation metric is fivefold Cross-Validation.
This ensures robustness by partitioning the data into five
subsets for iterative training/testing.

Multiclass classification

This section delineates the distinctions among non-
CSCR, acute CSCR, and chronic CSCR. Chronic CSCR is
further sub-classified into chronic atrophic, inactive, and
non-resolving forms.

Input modalities The OCT (B-scan, 3D-OCT volumes)
has been utilized for this task.

Common models A diverse set of architectures has been
utilized for CSCR classification, including custom archi-
tectures (e.g., 13-layer CNNs), pre-trained networks such
as VGG-16, ResNet-50, and Inception-V3, and multi-
modal fusion models. Additionally, modular classification
pipelines [69] have been proposed, comprising the Single
Image Prediction (SIP) and Final Decision (FD) modules.
The SIP module typically employs ResNet-50 and VGG-
19 for feature extraction from individual images, while the
FD module integrates logistic regression, support vector
machines (SVMs), and XGBoost to aggregate predictions
and enhance overall classification accuracy. This modu-
lar approach leverages both deep learning and traditional
machine learning techniques to improve robustness and
interpretability.

The methods used for CSCR subtype differentiation,
along with their corresponding datasets and performance
metrics, are detailed in Table 3.

Key observations Large datasets, such as the one from
Hangil Eye Hospital (7,425 images), have been shown to
enable high subtype accuracy. Custom CNN architectures
(accuracy: 97%) outperform pre-trained CNN models.
The SIP-FD modular pipeline improves subtype classifi-
cation accuracy by leveraging deep learning models for
initial predictions (ResNet50) and statistical classifiers
(Logistic Regression) for final decision-making (accuracy:
94.2%).
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Table 3 Comparative performance of deep learning models for
subtype differentiation

Study Input Task Method Dataset  Accuracy
Yoon  OCT CSCR CNN from Hangil Eye Binary: 93.8%,
et (B VS, scratch (13 CNN  Hospital, — Sub-Type:
al,2020 scan) Non-  layers+RelU+4 Total: 97.6%
[41] CSCR,  max pooling 2360,

and layers+2 drop-  Normal:

Non-  outlayers+4 900, CSCR:

CSCR  FCLayers+soft- 1460

VS. max) + Grad- (acute:466,

Acute- CAM Chronic:

CSCR 994)

VS.

Chron-

ic-

CSCR
Hwang OCT  Acute- Two different Hangil Eye ResNet-50+ Lo-
et B CSCR  modules: Hospital gistic Regres-
al, 2022 scan), vs. SIP (Single Total: sion: 94.2%,
[69] 3D-  Chron- Image Predic- 7425, VGG19+ Logis-

OCT ic- tion) and FD (acute tic Regres-
CSCR  (Final Decision), CSCR: sion: 92%,
VS. SIP: ResNet-50, 2725, VGG19+SVM:

Normal VGG19, FD: Chronic 90%,

Logistic CSCR: VGG19+XGB:
regression, SVM, 2650, 89%, CNN-
XGB, Model: Normal: LSTM: 83%, 3D-
(ResNet-50+Lo- 2050),3D- CNN:75.6%
gistic OCT: 25
regression, Volume.
VGG19+Logis-
tic Regression,
VGG19+SVM,
VGG19+XGB),
CNN-LSTM,
3D-CNN (25
SD-OCT))+1
to fivefold
cross valida-
tion+Transfer
Learning
Yoon  OCT Ac- CNN-Based Clinical VGG-16:70.0%;
et (B tive- Models (VGG-  OCT data- ResNet-50:
al,2022 scan) CSCR 16, ResNet-50,  setsTotal:  68.6%;
[44] Vs, Inception- 3874, Inception-V3:

Non-  V3)+fivefold (Acute: 68.2%
resolv- cross validation 1090,

ing Non-
CSCR resolving:
Vs, 1084,
Chron- Chronic:
ic- 898, Inac-
CSCR tive: 802)
Vs,

Inac-

tive-

CSCR
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Performance evaluation metrics It has been demon-
strated that Performance Evaluation Metrics are analo-
gous to binary classification.

Segmentation

Segmentation involves precisely delineating certain
lesions (e.g., SRF, PED, and RPE atrophy) in retinal
images.

Input modalities The segmentation methods reviewed
primarily deal with two types of imaging modality: FFA
images [26] and OCT B-scans and volumes [36, 52]de
Moura et al., 2021; Narendra Rao et al., 2019].

Common models Deep learning techniques have been
widely used to identify and segment clinically relevant
features, including leakage points, the optic disc (OD),
and the macula in FFA images, as well as SRF in OCT
images. Attention Gate Networks (AGN) use attention
mechanisms to improve the localization of leakage points
in FFA images. Capsule network variants with dynamic
routing between capsules have been shown to improve
OCT-based SRF segmentation by preserving spatial rela-
tionships. Encoder—decoder architectures with skip con-
nections, such as Feature Pyramid Networks (FPN), fully
convolutional networks (FCNs) based on U-Net, and
U-Net derivatives, are commonly used for SRF segmenta-
tion. In addition, the SegNet architecture [70] has been
adopted in FCN-based segmentation [71] frameworks to
enable fully convolutional processing for fluid delineation.
The key segmentation methods, along with their asso-
ciated datasets and performance metrics for the studies
discussed in this section, are summarized in Table 4.

Key observations Most studies have focused on seg-
menting SRF, with OCT B-scans as the primary input
modality. U-Net variants are commonly used for OCT-
based segmentation tasks. Capsule networks and atten-
tion mechanisms have been introduced to enhance seg-
mentation precision. For leakage point segmentation on
FFA, attention-gated networks (AGN) achieved the high-
est Dice coefficient of 0.949. FCNs based on SegNet have
reported Dice scores up to 0.965 for SRF segmentation.
Capsule networks have improved spatial accuracy, espe-
cially for small lesions. Recent advancements in few-shot
learning have led to significant progress in retinal ves-
sel segmentation and reduced reliance on large anno-
tated datasets. These methods utilize multi-scale feature
extraction, feature fusion, and attention mechanisms to
enhance segmentation performance and cross-domain
adaptability, which is essential for clinical datasets with
heterogeneous distributions.
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Study Input Task Method Dataset Performance Metrics
Chen et FFAImages AGN: leakage AGN (Attention-gated network) for Hospital of Zhejiang University AGN (leakage points):
al,2021 [19] points segmenta- segmenting leakage points, U-net  Total: 2108 FFA Images. 0.949;
tion, U-Net (Optic for segmenting the optic disk (OD), 1229 images for training, 439 U-Net (OD): 0.850;
Disk segmentation,  and the macula region images for validation, and 440 U-Net (macula): 0.920
U-Net (macula for test
segmentation)
Gende et OCT SRF segmentation FPN (Feature Pyramid Network) Total: 100 OCT B-scans, CSCR:85,  FPN+MobileNet: 0.853;
al.2024 [43] B-scans with various encoders (MobileNet, Normal: 15 FPN+ DenseNet: 0.861;
DenseNet, ResNet), U-Net with FPN + ResNet: 0.849;
various encoders (MobileNet, U-Net +MobileNet: 0.837;
DenseNet, ResNet) U-Net+ DenseNet: 0.859;
U-Net + ResNet: 0.868
Pawan et OCT SRF segmentation  SegCaps, DRIP-Caps (CapsuleNet  Total: 25 volumetric OCT (Each SegCaps: 0.9424;
al., 2021 [59] B-scans enhancement), and U-Net volume has 128 B-scans) DRIP-Caps: 0.9404;
U-Net: 0.9281
de Mouraet  OCT SRF segmentation FCN (Fully Convolutional Network)  Total: 100 OCT B-scans, CSCR:85,  Global Dice coefficient:
al.,2021 [70] B-scans based on SegNet, Normal: 15 0.965
XuJetal, Retinal ves-  Retinal vessel Few-Shot Learning public datasets (DRIVE, CHASE_ ~ AUC on DRIVE: 98.3%,
2022 [72] selimages  Segmentation with DB, STARE) and a private CSCR AUC on CSCR data: 97%
minimal samples clinical dataset
Narendra Rao OCT SRF FCN-based U-Net Pink City Eye and Retina Center,  Dice: 0.910, Recall: 89.0%,
etal, 2019 B-scans segmentation Jaipur, India: 15 OCT volumes Precision: 93.6%

(71]

(1920 B-scans)

Performance evaluation metrics The studies reviewed
primarily used the Dice Similarity Coefficient (DSC) to
evaluate segmentation performance.

2x | XNY|

Dice= —————
| X +[ Y]

Another validation metric is Intersection over Union
(IoU), which measures the overlap between the predicted
and true segmentation area relative to each other.

TP

I =
°U=Tp T FP 7 FN

Segmentation with classification

The objective of this section is twofold: first, to perform
segmentation for delineating SRF, followed by classifica-
tion to diagnose CSCR.

Input modalities Contribution employs the CFP for SRF
segmentation [62].

Common models The segmentation of SRF in CFP
images has been addressed using deep learning mod-
els like GAN-based frameworks (Pix2Pix), U-Net, Con-
ditional GAN (PatchGAN), and FCN-8s. The Pix2Pix
model integrates U-Net and PatchGAN to improve fea-
ture representation through adversarial learning. Addi-

tionally, InceptionV3 has been employed for classifying
CSCR versus normal CFP images. FCN-8s, leverages deep
convolutional layers for pixel-wise segmentation. These
methodologies predominantly utilize encoder—decoder
architectures with skip connections and, in GAN-based
models, incorporate adversarial training to enhance seg-
mentation accuracy.

The segmentation-with-classification methods, cover-
ing model architectures, datasets, and performance met-
rics such as Dice score and accuracy, are summarized in
Table 5.

Key observations As reported by Yoo et al. (2022), the
segmentation performance was Moderate, with a Dice
similarity coefficient of 0.763. In contrast, the classifica-
tion model based on InceptionV3 exhibited high diag-
nostic accuracy (97.0%) and an AUC of 0.989, thereby
substantiating its efficacy in differentiating CSCR from
normal cases. However, segmentation-specific metrics,
such as sensitivity (70.2%), were comparatively lower, sug-
gesting that segmentation quality may influence the reli-
ability of downstream classification tasks. These findings
underscore the necessity to strike a balance between the
precision of segmentation and the accuracy of classifica-
tion.

Performance evaluation metrics It has been demon-
strated that the performance evaluation metrics of this
approach are combinations of metrics used for segmenta-
tion and binary classification.
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Table 5 Performance of deep learning models for segmentation
with binary classification to diagnose CSCR

Study Input Task Method Dataset Perfor-
mance
Metrics
Yoo CFP SRF Segmen- 194 CFPs  U-Net
etal, Segmenta- tation: of SRF based on
2022 tion, CSCR Pix2pix (U-  lesions pix2pix
[62] Classification Net + Patch-  (Aero- (Dice:
GAN), space 0.763, loU:
FCN-8s, Clas- Medical  0.619,
sification: Cen- Sensitiv-
InceptionV3  ter)+98  ity: 70.2%,
CFPs Specific-
(public  ity: 98.8%,
RFMID Precision:
dataset), 86.2%),
Binary FCN-8s
Clas- (Dice:
sifica- 0.726, loU:
tion: (98  0.582,
CSCR+9  Sensitiv-
Normal) ity: 70.6%,
Specific-
ity: 97.8%,
Precision:
82.4%) Bi-
nary Clas-
sification
(Accuracy:
97.0%,
AUC: 0.989,
Sensitiv-
ity: 95.5%,
Specificity:
100%)
Differential diagnosis

The objective of this section is to differentiate CSCR from
other retinal disorders and detect complications such
as CNV. CSCR shares imaging features with AMD [73]
PCV, DME [74]- [75]Vogt-Koyanagi-Harada (VKH), and
uveitis. CNV, characterized by abnormal proliferation of
choroidal vessels, can lead to visual disturbances similar
to those observed in CSCR, particularly in chronic forms
where secondary CNV may develop [76]. Other condi-
tions with overlapping characteristics include ischemic
optic neuropathy (ION), optic neuritis (ON), and ocu-
lar tumors such as choroidal melanoma and metastatic
lesions [77-79]. These similarities complicate the diag-
nostic process, especially in atypical and chronic cases.
Therefore, the timely detection of complications such as
CNV is imperative for accurate diagnosis and appropri-
ate management. This section explores the role of deep
learning models in addressing these diagnostic challenges
and explores the potential of advanced methods for
enhancing differential diagnosis.
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Shared imaging features and diagnostic chal-
lenges OCT findings, including PEDs and SRE, are
commonly associated with CSCR, AMD, and PCV. The
presence of drusen and neovascular membranes in AMD
often overlaps with CNV seen in chronic CSCR. For pre-
cise differentiation, multimodal analysis using patterns
like the “smoke stack” sign in FAF for CSCR and drusen
deposits in AMD is recommended [34, 35, 40]. Data from
FFA and ICGA are valuable for distinguishing these reti-
nal disorders. Although fluid accumulation in DME can
resemble CSCR, DME demonstrates specific vascular
alterations such as capillary dropout and microaneu-
rysms, which deep learning algorithms can detect. VKH
disease and uveitis may both present with SRF and inflam-
mation. VKH is typically characterized by bilateral cho-
roidal thickening, whereas uveitis can be identified by the
presence of inflammatory biomarkers detectable using
artificial intelligence (AI)-based methods.

Input modalities Researchers employ FFA and OCT
imaging to differentiate CSCR from AMD, DME, and
other retinal diseases.

Common models In CFP-based differential diagnosis
[80]pre-trained CNN architectures such as ShuffleNet-V2,
ResNet, DenseNet, and MobileNet are utilized to extract
retinal features for distinguishing CSCR from other reti-
nal conditions. Vision Transformer models, including
the Conditional Transformer (C-Tran), use masked label
training (MLT) to enhance multi-label learning perfor-
mance. Rodriguez et al. [81] implemented a framework
that combines DenseNet-161 for feature extraction with
C-Tran for multi-label learning. ResNet-50, InceptionV3,
and DenseNet-201 demonstrate high proficiency in
extracting features from OCT images. Ant Colony Opti-
mization (ACO) algorithms further improve feature selec-
tion on OCT images, resulting in increased classification
accuracy. The Swin-Poly Transformer model generates
interpretable predictions for retinal diseases by making
feature-based decisions on OCT images.

A comparison of differential diagnosis performance
across imaging modalities, highlighting each method, its
dataset, and key diagnostic metrics such as accuracy and
AUC, is presented in Table 6.

Key observations The first fundus image dataset cre-
ated with a balanced class distribution and strict quality
control procedures is the MuReD dataset. OCT-based
models show better diagnostic performance (AUC:
0.999) than CFP-based models, which have trouble dif-
ferentiating between several retinal disease classes. This
is probably because OCT imaging offers a higher struc-
tural resolution. On OCT-based multi-class classification
tasks, Transformer-based models (such as Swin-Poly) and
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Table 6 Comparative performance of deep learning models for differential diagnosis of CSCR

Study Input Task Method Dataset Performance Metrics Differential
Diagnosis
Khanet OCT  Multi-Class Feature Extraction (ResNet-50, Soonchunhyang University — DenseNet-201+ACO CSCRvs. AMD,
al,2023 Classification InceptionV3, DenseNet-201) + Feature  Bucheon Hospital, Total: (Accuracy: 99.19%, AUC: BRVO, CRVO,
[42] selection (Ant Colony Optimization 2998 1.000, Precision: 98.9%, DME
(ACQ)) + Classification (KNN and SVM) Recall: 98.2%, F1-score:
98.5%).
HelJ et OCT Multi-Class Interpretable Swin-Poly Transformer OCT2017 (Kermany, D.S. et Accuracy: 99.8%, AUC: CSCR vs. AMD,
al,2023 Classification al.):109,312, OCT-C8 (Subra-  0.999, Precision: 99.8%, CNV, DME, MH,
[48] manian, et al.): 24,000 Recall: 99.8%, F1-score: DR, drusen,
99.8%. and Normal
Wenet CFP Normal vs. Part of ShuffleNet-V2 (first three Sichuan Provincial ShuffleNet-V2: Accuracy:  CSCRvs. Cen-
al, 2020 Abnormal,and  stage of Pretrained ShuffleNet-V/2) People’s Hospital, Total: 718 97.7%, Precision: 99.6%, tral Exudative
[80] CSCRvs. CECR  compared to InceptionV3, ResNet-18,  (Normal: 240, CSCR: 409, Recall: 98.9%, F1-score: Chorioretinop-
DenseNet-121, MobileNet-V2. CECR: 69) 99.2%. athy (CECR)
Rodri- CFP Multi-Class Vision Transformer-based model with  MuReD is constructed using  AUC: 0.962, Precision: 20 disease
guez et Classification DenseNet161 backbone +masked a number of publicly avail-  68.5%, Recall: 49.2%, F1-  labels (e.g., DR,
al., 2023 Based on Vision label training (MLT) to learn label able datasets. Total: 2,797 score: 57.3%. ARMD, CSCR)
[81] Transformer correlations. +"NORMAL"
and "OTHER"

hybrid frameworks that combined DenseNet-201 with
Ant Colony Optimization (ACO) outperformed the other
evaluated architectures (accuracy: 99.1%, AUC: 1.000).
On the other hand, lightweight CNN:s, like ShuffleNet-
V2, performed best for binary classification based on CFP
(accuracy: 97.7%). These findings demonstrate the grow-
ing significance of Transformer architectures as workable
substitutes for the diagnosis of multi-class retinal diseases.

Performance evaluation metrics ShuffleNet-V2 reports
F1 scores up to 0.992 for binary classification. For mul-
ticlass tasks, AUC and Mean Average Precision (MAP)
were emphasized for robustness.

AUC and MAP were used to address class imbalance in
multi-disease datasets.

2 x Precision x Recall
Precision + Recall

F1 — score =

+  MAP = Average precision across all classes.

Prognosis

In addition to diagnosis, forecasting the clinical tra-
jectory and therapeutic response is essential. This job
includes predicting when a disease will come back, figur-
ing out how well treatment works, and keeping an eye on
long-term progress.

Input modalities The combination of CFP and clini-
cal data is used to guess how well SRF will be absorbed
after PDT. Simultaneously, OCT-based methods (B-scan
and en face) are employed to evaluate the persistence of

CSCR after a 6-month interval and the response to PDT
in chronic CSCR after 3 months.

Common models The CSCR prognosis comes from
a fusion model (DeepPDT-Net) [82] that combines
ResNet-50 and XGBoost. This integration makes it easier
to guess what will happen to the SRF after PDT. Using
SHAP and Grad-CAM techniques to validate clinical
decisions makes the model easier to understand. To pre-
dict SRF persistence using OCT, ResNet-50 is used to get
features from images of the retinal thickness, mid-retina,
ellipsoid zone, and choroidal layers. Layer-Specific Image
Analysis helps find out how a disease is getting worse.
Moreover, Grad-CAM activation maps are employed to
emphasize the critical features that facilitate persistence.
The prediction of the PDT response on OCT images used
a DenseNet model [83] that can classify groups and tell
the difference between complete, partial, and absent SRF
resorption.

The prognostic performance metrics for CSCR are
detailed in Table 7.

Key observations DeepPDT-Net combining ResNet-50
with XGBoost, exhibited superior performance in com-
parison to standalone Models, achieving an accuracy of
86.4% and an AUC of 0.917 during external validation
by leveraging both imaging and clinical data. Research
indicates that integrating OCT-derived features, such as
B-scans and retinal thickness Measurements, provides
the Most reliable approach for predicting CSCR per-
sistence, yielding an accuracy of 95.2% and specificity
of 97.62%. Additionally, layer-specific analysis of OCT
parameters, including retinal thickness and the ellipsoid
zone, has been shown to improve prognostic precision.
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Table 7 Comparative performance of deep learning models for prognosis predicting and treatment response of CSCR

Study Input Task Type Method Dataset Performance Metrics
Jee et OoCT Predict CSCR persistent  ResNet50+ Grad-CAM Vincent Hospital, Accuracy: (B-scan: 80.72%, RT: 92.0%, Mid-
al,2022 (B-scanand  after 6 months using Total: 832 (self- retina: 64.8%, EZ: 92.0%, Choroid: 63.2%).
[44] en face) OCT of retinal thick- resolving:593, F1-score: (B-scan: 68.0%, RT: 87.18%, Mid-
ness (RT), mid-retina, persistent:239) retina: 31.25%, EZ: 87.18%, Choroid: 11.54%).
ellipsoid zone (EZ) layer, Specificity: (B-scan: 89.29%, RT: 96.43%, Mid-
and choroidal layer retina: 84.52%, EZ: 96.43%, Choroid: 90.48%).
(B-scan+RT)-Accuracy: 95.20%, F1-score:
92.50%, Specificity: 97.62%;
(B-scan+EZ)-Accuracy: 88.00%, F1-score:
81.01%, Specificity: 92.86%;
(EZ+RT)-Accuracy: 92.80%, F1-score:
89.16%, Specificity: 94.05%;
Yoo et multimodal Predict SRF absorption  DeepPDT-Net Severance Eye predicted treatable and refractory CSCR-
al,2022 (CFPs and post-PDT (after 1 year).  (ResNet-50+ XGBoost) Hospital, ResNet50 (Accuracy: 83%, AUC: 0.839, Sensi-
[62] Clinical data) (147 target tivity:67.7%, Specificity:87.1%) XGBoost
CFP)+Gangnam (Accuracy:72.1%, AUC: 0.784, Sensitiv-

Fernandez- SD-OCT
Vigo et response to PDT in
al,2022 chronic CSCR after
[83] 3 months: Group 1,
complete SRF resorp-
tion, Group 2, partial
SRF resorption, Group
3, absence of any SRF
resorption.

prediction of the DenseNet

Severance Hospital

(19 target CFP) Total:

911 (target: 166,
Normal: 745), Clini-
cal data (sex, age,
Anti-VEGF)

Total: 216

(CSCR+ SRF persis-
tent), Group1: 100,
Group2: 66, Group3:
50.

ity:77.4%, Specificity: 70.7%), DeepPDT-Net
(Accuracy: 86.4%, AUC: 0.880, AUC for
External Validation: 0.917, Sensitivity:74.2%,
Specificity: 89.7%)

Accuracy:

Compares all groups (Group1, Group2, and
Group3): 0.53

compares groups 1vs. 2: 0.67

compares groups 2 vs. 3: 0.68

Despite these advances, group comparison scores (e.g.,
0.68) underscore the persistent difficulty in distinguish-
ing partial from complete SRF absorption following PDT.
CNNs have been utilized not only to predict persistence
but also to forecast treatment response, estimate post-
treatment visual acuity, and evaluate macular involvement
by extracting CSCR-related choroidal patterns [84]— [85].

Performance evaluation metrics For the prediction
of treatment outcomes (e.g., SRF absorption after PDT),
accuracy, AUC, sensitivity (recall), and specificity have
been used. For prediction of disease persistence (e.g.,
chronic CSCR), accuracy, F1 score, specificity, and layer-
specific performance, and for prediction of therapeutic
response (e.g., PDT efficacy), the group comparison score
is reported. It is an accuracy or statistical score for dif-
ferentiating treatment response groups (complete, partial,
no SRF absorption).

Discussion

The systematic evaluation of deep learning approaches
for CSCR diagnosis underscores their transformative
potential in addressing the limitations of conventional
diagnostic methods.

Model architectures

Deep learning architectures, particularly CNN-based
Models such as ResNet, VGG, and DenseNet, have dem-
onstrated high diagnostic accuracy. OCT-based Models
consistently outperform CFP-based models due to supe-
rior structural detail and visualization of the SRF and
the PED. For instance, DenseNet achieved 99.78% accu-
racy in binary classification using OCT, compared with
85.7-94.6% for CFP models (Table 2). CNNs, while effec-
tive for feature extraction, present challenges in inter-
pretability [73]; methods such as Grad-CAM and SHAP
provide partial insights but fail to fully capture decision-
making. Custom CNN models tailored for CSCR have
outperformed pretrained architectures and, in some
metrics, even ophthalmologists [86]. Vision Transform-
ers (ViTs), leveraging self-attention to model long-range
dependencies [37]offer promising interpretability and
competitive performance (e.g., Swin-Poly, AUC: 0.999)
but require larger datasets. Despite the fact that these
advanced architectures have not yet been widely applied
for CSCR diagnosis, there is considerable potential for
enhancing accuracy and robustness, warranting further
investigation [48, 81, 87]— [88]. Segmentation tasks are
dominated by U-Net variants, with attention-gated and
capsule networks (e.g., SegCaps) improving accuracy
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(Dice coefficient range: 0.949-0.965; see Table 4). Deep
learning is proven to localize and quantify features like
SRF and PED, so future models will extend this to other
markers like vascular abnormalities, choroidal hyper-
permeability, and RPE integrity changes [16, 89]. Despite
these advances, dataset development remains resource-
intensive due to reliance on expert annotation Semi-
automated labeling and crowdsourcing approaches may
mitigate this burden. While the efficacy of Subtype clas-
sification models is evident, they encounter challenges
in distinguishing between acute and chronic subtypes
due to the overlap in imaging features. However, modu-
lar pipeline models (e.g., SIP-FD, accuracy: 94.2%) show
promise. Prognostic models, particularly DeepPDT-
Net (86.4% accuracy; see Table 7), underscore the value
of integrating imaging with clinical data for predicting
treatment responses. However, distinguishing between
partial and absent SRF resorption remains a formidable
challenge.

Multimodal imaging

The integration of multimodal imaging (e.g., OCT, FFA,
ICGA, FAF) enhances diagnostic capability by combining
complementary data sources, improving lesion detection,
vascular assessment, and evaluation of Choroidal hyper-
permeability. Incorporating ICGA and FFA has been
shown to increase chronic CSCR detection accuracy
by up to 12% '?, while aiding leakage-point localization
and differentiation from PCV and AMD [32, 40]. ICGA’s
ability to identify choroidal hyperpermeability further
supports its role in distinguishing CSCR from polypoi-
dal lesions [22]. Such models demonstrate superior per-
formance across machine-learning tasks by leveraging
diverse data sources [42, 90]. Multimodal fusion models,
which integrate multiple imaging modalities and clinical
parameters (e.g., demographics, history, laboratory data,
genetic markers), outperform single-modality CNNs
and allow individualized decision-making [56, 88, 91].
Emerging approaches, such as registering FAF with OCT,
have improved early detection and characterization
of subtle structural changes [90]. Overall, multimodal
fusion is expected to facilitate earlier and more accurate
CSCR diagnosis, guide tailored treatment strategies, and
enhance prognostic prediction. A schematic example of a
multimodal fusion framework is shown in Fig. 4.

Preprocessing pipelines

Real-world ophthalmic images often contain noise and
artifacts resulting from patient movement or device
limitations. Preprocessing steps, including standardiza-
tion, normalization, and region-of-interest cropping, are
essential for improving model performance; however,
robustness to such variations must also be integrated into
model design [42, 46, 50]. Diagnostic speed depends on
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dataset size, heterogeneity, and algorithm optimization
[17]. While Moderate datasets achieve high accuracy for
binary classification, Multiclass tasks, such as differenti-
ating acute, non-resolving, chronic, and inactive stages,
remain challenging, with reported accuracies ranging
from 68 to 70%. Emerging approaches, including few-
shot learning, domain adaptation, and synthetic data
generation via GANs or diffusion models [67, 92]may
mitigate data scarcity. For multimodal integration, stan-
dardized preprocessing pipelines addressing noise, align-
ment, and normalization are required to enhance data
quality and ensure interoperability, thereby improving
diagnostic accuracy and robustness.

Emerging trends, Few-Shot learning and advanced data
augmentation

Presently, publicly accessible datasets tailored for CSCR
diagnosis are limited, which restricts the performance
of traditional deep learning models [4, 20]. To overcome
these limitations, several strategies have been suggested,
such as transfer learning, domain adaptation, and syn-
thetic data generation. Recent developments in Few-
Shot Learning (FSL), Generative Adversarial Networks
(GANS), and diffusion models have shown great promise
in alleviating data scarcity and improving diagnostic pre-
cision [21, 66]— [67]. For instance, a study investigated
the combination of FSL and GANs for enhancing the
detection of rare retinal diseases using OCT, with a diag-
nostic accuracy of 92.1% on an experimental dataset, a
level of performance comparable to expert ophthalmolo-
gists. This strategy highlights the value of advanced tech-
niques in overcoming dataset restrictions that limit the
effectiveness of traditional deep learning methods.

+ Few-shot learning (FSL): FSL is a model training
method with little labeled data. The objective of
these techniques is to generalize over tasks with
few examples. This goal is achieved using learning
paradigms that learn transferable features or
leverage prior knowledge. For instance, Xu J. et al.
[72] have presented a few-shot learning method
for robust retinal vessel segmentation with few
samples. Retinal vessel segmentation is crucial for
laser surgery on CSCR to avoid vessel rupture and
improve surgical accuracy. The Few-Shot Adaptation
method formulates retinal vessel segmentation as
a few-shot problem by considering each patient’s
retinal image as an individual “class” The patches
from these images are then used to create support
sets for training and query sets for testing. The
method employs episodic training with CC-way
KK-shot learning (e.g., 5-way 3-shot) to mimic the
paucity of real-world data. The baseline model is
built upon the base of VGG16’s encoder, extended
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Multimodal Inputs
(OCT, CFP, FAF,ICGA)

CNN branch
(Conv Layers + Pooling)
Local Feature Extraction

CFP,FAF,ICGA

Vision Transformer branch

(Patch embeddings,

Transformer blocks)
Globhal context

Feature Fusion

Module

(Concatenation +
Attention Fusion)

Fully Connected
Layers
(Classification Head)

Differential Diagnosis
(CSCR vs. Other
Retinal Disorders)

Fig. 4 Multimodal fusion model

with Mask average pooling to allow the extraction of
class prototypes. Multi-scale class prototypes have
been employed to extract vessel features at varied
resolutions. Integration of multi-scale information is
done through feature fusion using skip connections.
Multi-scale attention modules have been used to
make use of global context for improved vessel
localization. Meta-learning, a variant of FSL, has

reached an accuracy of 85% with 50 samples,
alleviating data scarcity [20].

Diffusion method: Diffusion models represent a
subcategory of generative artificial intelligence that
has been developed to generate high-quality images
through the process of denoising random noise into
structured data [42]. Diffusion models differ from
GANSs by employing a forward (noise addition) and
reverse (denoising) process to generate realistic
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images. They’ve successfully generated synthetic
OCTs that are hard to tell apart from real ones.
These models can help balance class data (e.g., acute
vs. chronic CSCR) for classification, and provide
annotated data (e.g., SRF masks) for improving
segmentation networks like U-Net and CapsuleNet.
They can also create OCT, FFA, and ICGA pairs

for more advanced multimodal learning. Diffusion
models outperform GANSs in terms of image
sharpness and realism. Conditional diffusion models
can generate disease-specific variations, like different
SRF volumes.

Clinical translation and recommendations

Deep learning models, particularly those based on
high-resolution OCT, have the potential to significantly
improve how CSCR is managed. Automated OCT analy-
sis can detect early or subtle cases, helping non-specialist
clinics identify patients who need prompt referral. Seg-
mentation networks can generate probability maps that
distinguish CSCR from AMD, PCV, and DME, reducing
misdiagnoses. Tracking SRF and PED volumes over time
provides objective measures of treatment response, guid-
ing decisions about photodynamic therapy (PDT), ste-
roid management, or closer follow-up. When combined
with clinical information, such as age, corticosteroid use,
and symptom duration, multimodal models can predict
recurrence risk and help tailor personalized follow-up
schedules. To make these models clinically useful, stan-
dardized evaluation is crucial. Metrics should include:

— Screening: Automated OCT analysis can detect
early or subclinical CSCR, helping non-specialist
clinics identify patients who need prompt referral.
Performance should be assessed using metrics
such as sensitivity, negative predictive value (NPV),
AUROC, and F1-score.

— Differential diagnosis: Probability maps from
segmentation networks can reliably distinguish
CSCR from AMD, PCV, and DME, reducing
misdiagnoses and inappropriate treatments.
Evaluation metrics should include specificity, positive
predictive value (PPV), and AUROC.
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— Progression monitoring: Quantitative tracking of
SRF and PED on serial OCT scans provides objective
biomarkers to guide treatment decisions, including
PDT timing or steroid tapering. Segmentation
performance should be reported using the Dice
coefficient, Jaccard index, and volumetric error.

— Prognosis and personalized care: Multimodal fusion
models that combine imaging data with clinical
variables (e.g., corticosteroid use, symptom duration,
comorbidities) can predict fluid persistence or
recurrence, enabling tailored follow-up and therapy.
Prognostic performance should be assessed with
AUROC, calibration metrics, and clinically relevant
outcomes.

To ensure real-world utility, studies must include exter-
nal validation with confidence intervals, follow report-
ing standards such as STARD-AI or CONSORT-AI, and
provide clear documentation of preprocessing steps,
hyperparameters, dataset demographics, and valida-
tion protocols. Prospective “silent trials” across multiple
centers are recommended before widespread clinical
implementation.

Seamless integration into clinical workflows is essen-
tial. Models should connect smoothly with Picture
Archiving and Communication Systems (PACS) and
Electronic Health Records (EHRs), support DICOM/
HL7/FHIR standards, and feature user-friendly interfaces
to reduce alert fatigue. Vision Transformers and atten-
tion-based architectures can enhance interpretability
[87, 88]while combining imaging with clinical data helps
identify patients at high risk of CSCR recurrence.

Interpretability remains a priority. Attention-based
models, Grad-CAM, SHAP, and visual question answer-
ing can help clinicians understand Al decision-making.

Reported measures such as the Dice coefficient and
AUC, frequently have no task-specific clinical thresholds,
thereby reducing translational relevance. For instance,
segmentation accuracy must meet clinically meaning-
ful thresholds (See Table 8 for proposed benchmarks),
ensuring that measurements of SRF or PED are precise
enough to reliably guide treatment decisions, such as ini-
tiating or adjusting PDT. Table 8 is a suggestion and the

Table 8 Proposed performance benchmarks for the clinical deployment of deep learning models in CSCR management

Clinical Task Metric Proposed Minimum Rationale
Threshold for Clinical
Use
Screening Sensitivity >95% To minimize false negatives and ensure all potential cases are referred.
Differential Diagnosis Specificity >90% To minimize false positives and avoid misdiagnosis/mistreatment.
SRF Segmentation Dice >0.85 To ensure volumetric measurements are sufficiently accurate to track
changes.
Prognosis AUC >0.80 To demonstrate model utility in predicting outcomes better than

chance.
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Table 9 Domain-wise risk of bias assessment for 96 studies
using adapted QUADAS-2 criteria

QUADAS-2 Low High  Unclear Key Findings
Domain Risk Risk
Patient Selection 24 62 10 (10%) Asian-only cohorts
(25%)  (65%) (60%); excluded
chronic CSCR
Index Test 43 34 19 (20%) 7% validation unre-
(45%)  (35%) ported; 35% prepro-
cessing omissions
Reference 58 24 14 (15%) 21 studies used a
Standard (60%)  (25%) single annotator
Flow/Timing 29 38 29 (30%) Class imbalance un-
(30%)  (40%) addressed in 62%
Reproducibility 17 79 0 (0%) 73 studies shared nei-
(18%)  (82%) ther code nor data

thresholds would be refined based on a deeper literature
review and clinician consultation.

Furthermore, sensitivity and specificity, particu-
larly for atypical or chronic CSCR, are underreported.
Future studies should evaluate Al models using clini-
cally relevant metrics and stratified analyses, ensur-
ing performance is reliable across disease stages,
subtypes, and patient subgroups critical for real-world
decision-making.

Finally, regulatory and ethical considerations, including
patient privacy, data security, fairness, and bias mitiga-
tion, must be addressed. Federated learning provides a
framework for multi-center training that preserves pri-
vacy under HIPAA/GDPR, while maintaining diverse
datasets. By integrating rigorous evaluation, standardized
reporting, and ethical safeguards, these approaches can
bridge the gap between algorithmic innovation and safe,
effective clinical deployment of Al-driven CSCR tools.

Critical discussion

Methodological limitations and risk of bias

This systematic review highlights both the remarkable
progress and the persistent limitations in deep learning—
based CSCR diagnosis. Although OCT-based CNNs and
emerging transformer architectures consistently report
high internal accuracy, several methodological, dataset,
and reporting deficiencies hinder real-world applicabil-
ity. Key limitations include dataset representativeness,
validation rigor, and reproducibility. Geographic and
modality biases, coupled with small or homogeneous
cohorts, constrain generalizability. Furthermore, sub-
optimal validation strategies, inconsistent ground truth
annotations, and limited code/data availability under-
mine transparency and impede independent verification.
The following subsections detail these shortcomings and
outline priority research directions for achieving clini-
cally relevant and globally deployable AI solutions for
CSCR. The risk-of-bias assessments for all 96 studies are
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summarized in Table 9, classified using the QUADAS-2
tool (see Sect. 2.5).

Dataset limitations, representativeness and modality bias
The majority of studies (65%) used OCT datasets alone.
Although OCT is useful for SRF and PED detection, it
cannot document all aspects of the disease. Multimodal
imaging (FFA for active leakage points and ICGA for
choroidal hyperpermeability) is crucial for differential
diagnosis, stratifying severity, and for the detection of
macular neovascularization in chronic or complicated
cases [93-95]. For instance, hyperfluorescent plaques,
not present on OCT, were noted in 72% of recurrent
CSCR [94]and OCT alone may frequently be unable to
differentiate between acute and chronic types [68]. A
strong geographic bias exacerbates these shortcomings:
More than 60% of datasets were from Asian populations,
mainly Korean and Indian, with little representation of
other populations. Such OCT-centered and geographi-
cally homogeneous sourcing threatens to overestimate
reported performance and restricts generalizability to
environments where multimodal imaging is the norm.
Redressing these gaps necessitates large, demographi-
cally diverse, multimodal datasets garnered via inter-
national, multicenter collaborations with harmonized
acquisition protocols and annotation standards. In addi-
tion, dependence on small, single-center, or proprietary
cohorts incurs sampling bias, distorting class distribu-
tions and under-representing device variation. Acute
CSCR predominated the datasets (=70%), with chronic
or treatment-resistant subtypes sparsely represented.
Prospective, multicenter datasets with heterogeneous
demographics (age, gender, ethnicity, disease severity)
and images from dissimilar imaging platforms under
vendor-agnostic quality controls are essential to provide
assurance of robustness and clinical relevance of AI-pow-
ered CSCR tools.

Model development and validation

Transparency and reproducibility remain major concerns
in current CSCR deep learning studies. Many studies,
over one-third, did not report key preprocessing steps,
such as normalization or artifact removal, making it dif-
ficult for others to replicate their findings. Validation
strategies were often suboptimal: nearly a third of stud-
ies relied on non-independent test sets or omitted details
on cross-validation, which increases the risk of data leak-
age. Although more than half employed k-fold cross-val-
idation, only a small fraction (12%) performed external
validation, limiting confidence in how well these models
would perform in real-world settings.
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Reference standard variability

The reliability of ground truth labels remains a concern,
with approximately 20% of studies depending on a single
annotator for tasks such as SRF boundary delineation.
Inconsistent labeling protocols further limit the com-
parability across studies, particularly for tasks requir-
ing high precision. Employing multi-grader consensus
and standardized annotation guidelines is imperative to
reduce subjectivity and improve reproducibility.

Reproducibility gaps

Reproducibility in CSCR deep learning studies is lim-
ited: only 18% shared code or Model weights, and a Mere
6% made any data publicly available. This lack of trans-
parency hinders independent verification and clinical
benchmarking. Future studies should embrace open sci-
ence practices, including sharing de-identified datasets,
trained models, and implementation code under proper
governance, to facilitate reproducibility and accelerate
real-world translation.

Clinical and technical implications

Performance and Practical Limitations: A substantial
proportion of studies (34%) exhibit high-risk biases, sug-
gesting that reported metrics, such as ResNet-50 achiev-
ing 94.2% multiclass accuracy (Table 3), may overstate
real-world performance. Models trained on imbalanced
datasets are particularly vulnerable, often underperform-
ing on rare subtypes. OCT excels in binary classifica-
tion (Table 2) but struggles in dense cataract or complex
cases, highlighting the need for multimodal integra-
tion. Advanced architectures, including Vision Trans-
formers and multimodal fusion models, show promise
but demand substantial computational resources and
large annotated datasets. Lightweight models, poten-
tially enhanced by self-supervised or transfer learning,
are needed to translate laboratory success into broadly
deployable clinical tools.

Conclusion

This review underscores the substantial potential of deep
learning to enhance CSCR diagnosis, prognostication,
and differential discrimination. Key insights include the
superiority of OCT-based models, which achieve near-
perfect binary classification (e.g., DenseNet: 99.78%) [96]
and segmentation (Dice: 0.965), outperforming CFP-
based approaches. Fusion models that combine CNNs
with statistical classifiers or transformer architectures
improve multiclass classification and prognostic accu-
racy. Clinically, segmentation of SRF/PED, differential
diagnosis tools (e.g., Swin-Poly Transformer), and prog-
nostic models (e.g., DeepPDT-Net) provide actionable
information for personalized treatment planning. For the
future research and clinical translation, priorities include:
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+ Large, diverse, multicenter datasets: Collaborate
across institutions to capture acute, chronic, and
atypical CSCR subtypes with multimodal imaging
(OCT, FFA, ICGA, OCTA).

+ Robust external validation: Test models on
independent, stratified cohorts; report confidence
intervals and performance on held-out centers.

+ Multimodal fusion and personalized care: Combine
imaging features with patient-level data (age,
sex, corticosteroid exposure, symptom duration,
comorbidities, smoking status, family history,
metabolic markers) to support individualized
prognostication.

+ Interpretability and ethics: Integrate tools such
as Grad-CAM, SHADPD, attention maps, or VQA
to clarify decision logic, detect biases, and build
clinician trust.

+ Harmonized data capture and missing-data handling:
Adopt standardized acquisition protocols and
common data models (OMOP, ICD codes); address
incomplete records with model-aware imputation or
mask-aware layers.

» Temporal alignment and ablation studies:
Synchronize longitudinal clinical data with imaging
and systematically assess the contribution of each
modality or variable.

+ Open science: Promote public release of code,
trained models, and de-identified datasets.

+ Integration and clinical workflow: Ensure seamless
connectivity with PACS/EHR systems and prioritize
user-friendly interfaces.

+ Ethical and regulatory compliance: Address
patient privacy, data security, and algorithmic bias,
leveraging approaches such as federated learning to
enable multi-center, privacy-preserving training.

By emphasizing data diversity, rigorous validation, inter-
pretability, multimodal integration, and collaborative
frameworks, these strategies can bridge the gap between
algorithmic innovation and safe, effective, real-world
deployment of Al-driven CSCR tools.
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