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MAIN POINTS

• A ResNet50-based deep learning model
was developed to automatically classify 7
macular diseases using only OCT images,
achieving a high overall accuracy of 95%.

• The model demonstrated strong interclass
discrimination, especially distinguishing
with high precision between morphologi-
cally similar conditions such as DME, RVO,
and RAO.

• Grad-CAM heat maps were used to visual-
ize the decision-making areas of themodel,
enhancing the transparency and clinical in-
terpretability of the AI system.

• The system is highly effective in correctly
identifying normal OCT scans (99.5%),
which is crucial for community screening
and reducing unnecessary clinical work-
load.

• Themodel showed promising performance
in detecting surgically managed diseases
such as vitreomacular interface disor-
ders (VIDs), supporting its integration into
triage and referral systems.

Cite this article as: Firat M, Tuncer Firat I,
Tuncer T. Explainable deep learning for the
automated classification of macular diseases in
OCT images. Ann Med Res. 2026;33(5):205--214.
doi: 10.5455/annalsmedres.2025.07.206.

ABSTRACT

Aim: Optical coherence tomography (OCT) is a widely used, noninvasive, rapid, and high-
resolution imaging technique for diagnosing and monitoring macular diseases. Despite
its clinical value, OCT image interpretation is time-consuming and requires expert knowl-
edge, which may lead to inconsistencies in diagnosis. The objective of this study is to
create an AI-based model that reliably and effectively categorizes macular diseases from
OCT images, offering a workable solution in environments with restricted access to oph-
thalmology specialists.
Materials and Methods: A convolutional neural network model based on ResNet50 archi-
tecture was developed to classify OCT images into seven categories: age-relatedmacular
degeneration (AMD), diabetic macular edema (DME), epiretinal membrane (ERM), reti-
nal artery occlusion (RAO), retinal vein occlusion (RVO), vitreomacular interface disease
(VID), and normal (NO) controls. Grad-CAM was employed to enhance the interpretability
of the model and support clinical usability.
Results: The model’s macro-averaged precision, recall, and F1-score were 0.943 (95%
confidence interval [CI]: 0.941--0.960), 0.940 (95% CI: 0.941--0.960), and 0.940 (95% CI:
0.941--0.960), respectively, with an overall accuracy of 0.950 (95% CI: 0.941--0.960).
Grad-CAM visualizations confirmed the model’s focus on relevant retinal regions, thus
supporting diagnostic reliability and interpretability.
Conclusion: The explainable model demonstrated strong diagnostic performance and
potential as a clinical decision-support tool, especially in environments with limited re-
sources. The integration of explainable AI techniques, such as Grad-CAM, enhances trust
in automated decision-making and offers significant potential in supporting non-expert
users and early detection strategies.

Keywords: Retinal diseases, Artificial intelligence, Optical coherence tomography,
Maculopathy
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INTRODUCTION

Thediagnosis and follow-upof retinal diseases inophthalmol-
ogy practice requires a high level of expertise and time. Dur-
ing this process, specialists frequently utilize various imag-
ing techniques, including visual acuity measurement, biomi-
croscopy, fundus photography, fundus fluorescein angiogra-
phy (FFA), fundus autofluorescence (FAF), optical coherence
tomography (OCT), and OCT angiography (OCTA) [1,2].

However, the clinical interpretation of these methods is time-
consuming and creates a significant workload for specialists
working under high patient volumes. Reducing the burden
on specialists through preliminary assessment systems is cru-
cial for the early and accurate diagnosis of RDs. To achieve
this, we need reliable, easily trainable, and accessible diag-
nostic support systems that can be used by general physi-
cians. Such systems, which offer high accuracy, do not re-
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quire advanced expertise, and are low-cost, have become pos-
sible through AI-based approaches [3,4,5]. This has led to a
growing interest in automated classification systems that aim
to reduce specialist dependency and increase diagnostic relia-
bility and speed. AI-based decision support systems stand out
for their potential to standardize the process and alleviate the
diagnostic burden, especially in regionswith limited specialist
access [6]. Today, optical coherence tomography (OCT) im-
ages have become one of the gold standardmethods for assess-
ing retinal diseases and play a critical role in macular disease
diagnosis [7]. AI-based OCT data analysis improves clinical
performance andoffers large-scale applicability in community
screening and remote monitoring scenarios. Recently, diag-
nostic support systems based on ML algorithms have been
proposed for identifying retinal diseases [8, 9]. These stud-
ies employed classical algorithms, such as support vector ma-
chine (SVM), k-nearest neighbor (K-NN), decision tree (DT),
and ensemble model (EM), by manually extracting features
from fundus or OCT images. However, because manual fea-
ture extraction is time-consuming, labor-intensive, and has
limited generalization capacity, deep learning-based decision
support systems that perform automatic feature extraction
and classification have become more popular.

Numerous studies have focused on the detection of diseases
such as diabetic retinopathy, glaucoma, and age-relatedmacu-
lar degeneration. Choudhary et al. used a VGG19-based clas-
sifier to distinguish choroidal neovascularization, drusen, and
diabetic macular edema (DME) from normal OCT images.
Their study achieved 99.17% accuracy with 84,568 OCT im-
ages [10]. Kabataş et al. used 1397 fundus images to dis-
tinguish DR and macular hole (MH) from normals. They
achieved the highest accuracy of 93.97% with the ResNet50,
InceptionV3, and Xception models [11]. Sunil et al devel-
oped a computer-aided diagnosis (CAD) systemusing fundus
images for the diagnosis of DR stages. The proposed CNN
model achieved an accuracy of 98.33% [12]. In a study involv-
ing 29,800OCT images, Eghtedar et al. achieved 97.6% accu-
racy using a deep neural network (DNN) [13]. Rajan et al
used 3 different models—OctDeepNet, OctDeepNet1, and
OctDeepNet2—to classify normal, CNV,DME, and drusen.
They achieved 98% accuracy by adjusting the model architec-
ture for factors such as the number of layers, kernel size, and
pooling [14]. Wang et al classified 8 retinal diseases using the
ViT model and compared the results with those of existing
methods, such as ResNet, VGG, DenseNet, and MobileNet.
The ODIR-2019 dataset consists of fundus images and has a
class imbalance. Therefore, the F1 score andAUCvalueswere
examined, and 0.932 ± 0.06 and 0.950 ± 0.03 were obtained,
respectively [15]. Laouarem et al. combined the strengths of
CNNs and visual transformers to classify 7 retinal diseases.
They achieved accuracies of 99.40%, 97.00%, and 99.77% on
the OCT-2017, OCT-C8, and OCT-2014 datasets, respec-
tively [16]. To distinguish CNV, drusen, DME, and nor-
mal samples from OCT images, Akça et al. used the Vi-

sionTransformer (ViT), Token-to-TokenVisionTransformer
(T2T-ViT), andMobile Vision Transformer (Mobile-ViT) al-
gorithms. Accuracy rates of 95.14%, 96.07%, and 99.17%was
achieved with the ViT, T2T-ViT, andMobile-ViTmodels, re-
spectively [17].

Maculopathies and OCT findings
Age-related macular degeneration (AMD) is one of the most
common degenerative pathologies affecting themacula and is
the primary cause of central vision loss, particularly in individ-
uals aged >50 years. AMDdevelops because of the disruption
of the interaction between the RPE, Bruch’s membrane, and
the choroid. In the dry form, drusen accumulate beneath the
RPE, gradually weakening macular function. Abnormal ves-
sels originating from the choroid (choroidal neovasculariza-
tion) migrate into the subretinal space in the wet form, caus-
ing bleeding and fluid leakage [18]. This condition can be
observed in OCT images as subretinal and intraretinal fluid
accumulation, PED, RPE irregularities, and increased retinal
thickness [19].
The macula is highly susceptible to edema, degeneration,
and ischemic processes due to its high metabolic activity
and structural characteristics. Macular edema develops due
to increased capillary permeability, particularly in diabetic
retinopathy and retinal vein occlusions. Edema affects the
macula more severely than the peripheral retina due to its
higher photoreceptor density and different vascular struc-
ture. DME is the most important complication of diabetic
retinopathy, leading to vision loss. On OCT, it is character-
ized by increasedmacular thickness, cystic spaces, hyperreflec-
tive areas indicating exudate in the inner retinal layers, and
sometimes subretinal fluid [20]. RVO, which is associated
with hypertension and systemic vascular disease, is the second
most common retinal vascular disease. Macular edema is the
primary cause of vision loss. OCT reveals macular edema, in-
creased retinal thickness, and intraretinal cystic spaces [21].
RAO is one of the most severe forms of retinal ischemia and
is often associated with embolic events. OCT reveals marked
hyperreflectivity and thickening of the inner retinal layers in
the early stage and atrophy in the late stage [22].
Disruptions in the interactions between the vitreous cortex
and the retinal surface cause vitreoretinal interface diseases
(VIDs). Abnormally tight adhesions, incomplete vitreous
separation, and the resulting fibroglial proliferation charac-
terize these pathologies [23]. Examples of these conditions
include VMT, VMA, macular hole, and epiretinal mem-
brane (ERM). The most common complaints in these condi-
tions include decreased visual quality, metamorphopsia, and
blurred vision. OCT findings may reveal persistent adhesion
of the vitreous cortex to the macula (vitreomacular adhesion)
or traction (vitreomacular traction), as well as full-thickness
(full-thicknessmacular hole) or partial (lamellarmacular hole)
defects in themacula [24]. ERM, a condition of this group of
diseases, is characterized by the formation of a fibroglialmem-
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brane on the inner surface of the retina. OCT imaging reveals
a hyperreflectivemembrane, flattening of the inner retinal lay-
ers, and macular distortion [25].
Contributions of this study to the literature:

• Reduces inter-expert interpretation differences,

• It reduces the burden of manual evaluation,

• It enables the differentiation of multiple diseases,

• Provides explainable and interpretable disease informa-
tion.

In this study, we developed an explainable ResNet50-based
OCT classifier that simultaneously distinguished 7 macular
conditions and provided Grad-CAM visualizations to sup-
port clinical interpretability.

MATERIALS ANDMETHODS
OCTis a valuable tool for creatingdetailed retinalmicrostruc-
ture images and diagnosing ocular conditions. This study
used an open-access dataset consisting of 2064 OCT images
labeled by experts according to retinal pathology, with prede-
fined disease classes that eliminate the need for additional sub-
jective clinical interpretation [26]. This dataset was published
to provide researchers with access to a large set of labeled im-
ages that contribute to the development and improvement of
algorithms for automatedprocessing and analysis ofOCT im-
ages for the early diagnosis and monitoring of eye diseases.
Thedataset consists of seven classes and includesOCT images
of age-relatedmacular degeneration, diabetic macular edema,
epiretinal membrane, retinal artery occlusion, retinal vein oc-
clusion, vitreomacular interface disease, and normal macula.
The dataset exhibits an imbalanced class distribution. To ad-
dress this issue, each image in the classes with fewer samples
(DME, ERM,RAO,RVO,VID, and normalmacula) was ro-
tated 3° to the left and right, and symmetry operations were
applied. As a result, in each minority class, the final sample
sizewas simply determined bymultiplying the original sample
size by the fixed augmentation scheme, which reduced but did
not completely eliminate the original class imbalance. This
yielded an augmented dataset of 3 824 images (original n =
2 064). Table 1 shows the class distributions of the resulting
dataset. After random augmentation, the dataset was divided
into 2 parts: 80% training and 20% testing.

Explainable ResNet50 model

TheResNet50model was chosen for the classification of reti-
nal diseases in this study because of its ability to recognize
complex patterns and reduce overfitting, particularly in small
and detailed medical datasets. Heat maps generated by the
Grad-CAM method were used to better understand the ob-
tained results, facilitate the interpretation of OCT images
in the clinical setting, and increase the explainability of the

Table 1. Class distribution of the dataset.

Class Original Augmented

Age-related macular degeneration 1231 1231
Diabetic macular edema 147 441
Epiretinal Membrane 155 493
Normal 332 996
Retinal artery occlusion 22 132
Retinal venous occlusion 101 303
Vitreomacular Interface Disease (VMID) 76 228

model’s decisions. The details of the model are provided be-
low.
ResNet50 is a residual architecture with a depth of 50 layers.
Its primary layers are convolution, max pooling, sequential
residual blocks, global average pooling, and a fully connected
layer. Taking an X∈RH×W×3 image as input, the ResNet50
model uses a residual network structure to address the degra-
dation problem (vanishing gradient). In this residual network
block, the input information x is passed through the convolu-
tion → batch normalization → ReLU chain and combined
with x again via the shortcut connection (Eq. 1).

y = F (x, {Wi}) + x (1)

In the model, (R2048→Rc) was used instead of the original
fully connected layer (R2048→R1000) to represent the num-
ber of classes c. The difference between the model’s output
probabilities and the true labelswas calculated using the cross-
entropy loss function. The model output z = f(x, θ) ∈ Rc

was used to calculate the softmax classification probabilities
and the loss function (eq.2 and 3).

ŷi =
ezi∑c
j=1 e

zj
(2)

L = −
c∑

i=1

yi log(ŷi) (3)

Here, yi ∈ {0, 1} is one-hot coded.
Gradient-weighted Class Activation Mapping (Grad-CAM)
was used to ensure the model’s explainability of the classifi-
cation results. In ResNet50, the activation maps in the final
convolutional layer, which have the highest-level features for
class distinction, were used for Grad-CAM. Activations indi-
cate the pixel’s importance in the classification.
For class c, weights are calculated as in Equation 4 using yc =
fc(x), the activationmapAk ∈ Ru×v obtained from the last
convolution layer, and the gradients (∂yc)

(∂Ak)
obtained by back-

propagation.

αc
k =

1

Z

∑
i,j

∂yc

∂Ak
i,j

(4)
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Figure 1. Training and validation of accuracy/loss curves across epochs
for the ResNet50 model. These curves demonstrate the learning behav-
ior and generalization performance of the model throughout the training
process.

Figure 2. Confusion matrix summarizing the performance of the model
across all 7 disease classes. Diagonal values indicate correct classifica-
tions, whereas off-diagonal values indicate misclassifications, enabling
a visual analysis of class-wise accuracy.

Using the weights, the Grad-CAM heat map to be superim-
posed on the image is calculated as in eq.5.

Lc
Grad-CAM = ReLU

(∑
k

αc
kA

k

)
(5)

RESULTS
A computer environment with an Intel(R) Core(TM) i7-
9750H CPU @ 2.60 GHz (2.59 GHz), 8 GB RAM, and
Python programming language was used to train and test the
ResNet50 model. The random seed was fixed to 42 in all ex-
periments; the same seed was used for Python/NumPy/Py-
Torch, and data splitting and shuffling were performed with

Figure 3. ROC curves for each class, illustrating the trade-off between
sensitivity and specificity. AUC values provide a comparative metric for
class-level performance.

Figure 4. Examples of OCT images correctly classified with Grad-CAM--
based attention heat maps. These visualizations demonstrate that the
model accurately focuses on disease-relevant anatomical regions when
making accurate predictions.

torch. Generator().manual_seed(42), CuDNNwas set to de-
terministic and benchmark=False. Model performance pa-
rameters were analyzed using the accuracy, F1 score, preci-
sion, and sensitivity parameters obtained from the confusion
matrix (eq.6-9). Additionally, ROC-AUC was used to de-
termine model performance due to class imbalance in the
dataset.

Accuracy =
TP + TN

TP + FP + TN + FN
(6)

Precision =
TP

TP + FP
(7)

Recall =
TP

TP + FN
(8)

F1 =
2TP

2TP + FN + FP
(9)
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Table 2. Training parameters.

Parameter Value Definition

Pretrained True ImageNet loaded pre-trained weights
Num Classes 7 Outputs equal the number of classes in the dataset
Loss Function CrossEntropyLoss Suitable for multiclass classification
Optimizer Adam The Adam optimization algorithm
Learning Rate 1e-4 Initial learning rate (%)
Epochs 15 Total number of training cycles
Batch Size 32 Training and validation
Train/Test Split 80%/20% Splitting the ratio into training and test sets
Input Size (224, 224) All images were resized to this size.
Grad-CAM Layer model.layer4[-1] Final convolution layer used for the Grad-CAM
Grad-CAM: Gradient-weighted Class ActivationMapping.

Table 3. Precision, recall, and F1 score by class.

Class Precision Recall F1 Score

AMD 0.995 0.947 0.970
DME 0.932 0.922 0.927
ERM 0.867 0.914 0.890
NO 0.943 0.995 0.969
RAO 0.911 0.969 0.940
RVO 1.000 0.921 0.959
VID 0.952 0.909 0.930
AMD: Age-related Macular Degeneration, DME: Diabetic Macular Edema, ERM:
Epiretinal Membrane, NO: Normal, RAO: Retinal Artery Occlusion, RVO: Reti-
nal Vein Occlusion, VID: Vitreomacular Interface Disease.

Figure 5. Examples of misclassified OCT images with Grad-CAM--based
attention heat maps These cases illustrate the difficulty of the model in
identifying subtle or ambiguous features and highlight the importance
of explainability in evaluating model limitations.

Table 2 shows the parameters used for training the model.
The dataset was first classified using the Vision Transformer,
a widely used model in the literature, to demonstrate the su-

periority of the proposed model. Classification accuracy and
f1-score values were 92.15% and 92%, respectively. Figure
1 shows the accuracy and loss function changes for training
and validation as a result of the classification performed with
ResNet50, Figure 2 shows the confusion matrix, and Figure
3 shows the ROC change.

The accuracy and loss graphs show that the loss value and ac-
curacy are stable after the eighth epoch. This change indi-
cates that the training process was successful. Furthermore,
the receiver operating characteristic (ROC) curve was used
to determine the discriminatory power of the model for each
class. Since the change in all classes is close to the upper
left corner, the model performed well and distinguished be-
tween classes. The AUC 95% confidence interval values were
as follows: AMD, 0.996–1.000; DME, 0.994–1.000; ERM,
0.976–1.000; NO, 0.996–1.000; RAO, 0.991–1.000; RVO,
0.993–1.000; and VID, 0.969–1.000. The precision, recall,
and F1 score values obtained from class after the elimination
of the relative class imbalance are shown in the Table 3. The
F1 score of 0.94, which is particularly relevant for class imbal-
ance, indicates that themodel successfully learned the dataset.

Heatmaps (Grad-CAM) are created to visualize the regions to
which the deep learning model pays attention during classifi-
cation. This makes the decision-making process of the model
more transparent and contributes significantly to clinical val-
idation and explainability. Warm colors (red, orange, and yel-
low) represent diagnostically important regions during classi-
fication, whereas cool colors (blue tones) represent areas that
the model ignores or deems unimportant for classification.
Figures 4 and 5 present the correctly classified and misclassi-
fied images by the model, respectively, along with their corre-
sponding heat maps of attention.

As shown in Figure 4, the Grad-CAM attention maps in cor-
rectly classified cases focused on the pathological regions. In
the correctly classified DMEOCT image, which is character-
ized by small cystic spaces and increased thickness due to fluid
accumulation in the inner layers of the retina, the attention
map is concentrated in the central and thickened inner lay-
ers of the retina. In the OCT image of a correctly classified
macular hole, which is a type of VID characterized by a full-

209 https://doi.org/10.5455/annalsmedres.2025.07.206

https://doi.org/10.5455/annalsmedres.2025.07.206


FiratM. et al. Original Article AnnMed Res 2026;33(5):205–214

Table 4. Comparison of AI-based studies using OCT images to classify macular disease.

Reference Model Disease Dataset Performance

Wang et al, 2016 [27] SMO Dry AMD (n =15), 3 000+ OCT images Accuracy: 0.993
DME (n =15),

and NO (n = 15)

Li et al, 2019 [28] ResNet50 CNV, DME, Drusen, 15 573 OCT images Accuracy: 0.973
and NO (n = 2 796) AUC: 0.995

Sensitivity: 0.963
Specificity: 0.985

Li et al, 2019 [29] VGG-16 CNV, DME, Drusen, 109 312 OCT images Accuracy: 0.986
and NO Sensitivity: 0.978

Specificity: 0.994
AUC: 1.000

Kuwayama et al, 2019 [30] CNN (Caffe) Wet AMD (n = 136), 1 200 OCT images Precision/recall:
DR (n = 104), ERM (n = 90), Wet AMD 1.000/0.770;

NO (n = 570), DR 0.780/1.000;
and other diseases (n = 19) ERM 0.750/0.750;

NO 0.850/0.970

Bhatia et al, 2020 [31] VGG-16 Dry AMD, wet AMD, 5 588 OCT volumes AUC: ≥0.980
DME, and NO (162 721 B-scans) AUC of dry AMD: 0.850--0.990

Wet AMD area under the curve: 0.860--0.980
DME AUC: 0.930--0.990

Esfahani et al, 2023 [32] CNN Drusen, CNV, 3 133 OCT images Accuracy: 0.987
DME, and NO Precision: 0.99

Recall: 0.962
F1: 0.971

Choudhary et al, 2023 [10] VGG-19 CNV, DME, 84 568 OCT images Accuracy: 0.992
Drusen, and NO Specificity: 0.995

Sensitivity: 0.990

Kayadibi et al, 2023 [33] FD-CNN CNV, DME, 84 495 OCT images Accuracy: 0.996 (UCSD)
Drusen, NO (n = 4696) (Duke + UCSD) Accuracy: 0.975 (Duke)

Proposed Method ResNet50 AMD, DME, 3 824 OCT images Accuracy: 0.950;
ERM, RAO, RVO, (after augmentation; original n= 2 064) Precision: 0.943;
VID, and NO Recall: 0.940;

SMO: Sequential Minimal Optimization, AMD: Age-relatedMacular Degeneration, DME: Diabetic Macular Edema, CNV: Choroidal Neovascularization, DR: Diabetic
Retinopathy, ERM: Epiretinal Membrane, VID: Vitreomacular Interface Disease, RAO: Retinal Artery Occlusion, RVO: Retinal Vein Occlusion, NO: Normal, OCT:
Optical Coherence Tomography, AUC: Area Under the Curve, CNN: Convolutional Neural Network, FD-CNN: Fully Dense Convolutional Neural Network, UCSD:
University of California San Diego, F1: F1 Score, ROC: Receiver Operating Characteristic, VGG: Visual Geometry Group, ResNet50: 50-layer Residual Network.

thickness defect in the central fovea, the attentionmap focuses
on VMT and the central defect. Significant hyperreflectivity
and thickening of the inner retinal layers are observed in the
OCT image of a correctly classifiedRAO. The attentionmap
focuses on retinal thickening. In the correctly classified ERM
example, the foveal contour is flattened. The attention map
focuses on the flattened foveal contour.

Notably, there are mild cases where the features of the mis-
classified images are not evident. Mild cystic changes in the
inner retinal layers typical of DME are observed at the cen-
ter of the macula in the DME case that was misclassified as
VID. It is noteworthy that there is slight retinal thickening.
The attention map is shifted to the peripheral retinal regions.
In the ERM OCT image that was misclassified as a normal
macula, a thin hyperreflective line was observed adjacent to
the inner retinal surface. The attention map is focused on
the vitreous over the retina. In the OCT image of AMD that
was misclassified as a normal macula, a slightly irregular RPE

structure is observed, consistent with AMD. The attention
map focuses primarily on the inner retinal layers. In the RVO
OCT image that was misclassified as a normal macula, irreg-
ularity and mild retinal thickness increase are present in the
inner retinal layers affecting the nasal fovea due to RVO. Cys-
toid macular edema was not evident. The attention map fo-
cuses on the peripheral lines rather than the central patholog-
ical area. In the VID OCT image that was misclassified as a
normalmacula, the vitreous cortex has a very small base, caus-
ing mild macular shrinkage, resulting in VID. The attention
map focused on the adherent vitreous cortex but was misclas-
sified. In the OCT image of a healthy macula that was mis-
classified as AMD, the optic disc was mistakenly evaluated as
a sign of AMD. In the OCT image of an RAO case, hyper-
reflectivity and minimal thickening of the inner retinal layers
are observed. Themodel successfully focused on retinal thick-
ening but still misclassified it as normal.
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DISCUSSION
The ResNet50 model demonstrated high performance
in distinguishing 7 different macular diseases using
only OCT images. The model achieved an overall ac-
curacy of 0.95 (95% CI: 0.9408–0.9600), an F1-score
of 0.94 (95% CI: 0.9405–0.9600), a precision of 0.943
(95% CI: 0.9408–0.9600), and a recall of 0.94 (95% CI:
0.9405–0.9600). These consistently high values across all
metrics highlight the model’s strong inter-class discrimina-
tion capability and its potential for clinical decision support
system integration.
Unlike many previous studies in the literature that focused
primarily on common retinal pathologies, our study includes
a broader classification spectrum by incorporating less fre-
quently addressed conditions, such as RAO, RVO, and VID.
Although early studies, such as those by Wang et al. [27]
and Li et al. [28, 29], achieved high accuracy with limited
disease classes, their clinical applicability remains restricted.
Kuwayama et al. [30] and Bhatia et al. [31] expanded class
diversity but faced limitations in sample size or reliance on
commercial systems, which may reduce generalizability. Sim-
ilarly, Choudhary [10], Esfahani [32] and Kayadibi [33] re-
ported high accuracy but were limited to more balanced and
prevalent disease classes. In contrast, our study offers a more
comprehensive approachby successfully classifying seven reti-
nal conditions using real-world data, achieving robust perfor-
mance (accuracy: 0.95, F1 score: 0.94), and demonstrating
compatibility with clinical scenarios—highlighting its origi-
nality and practical relevance. We extend the typical four-
class OCT taxonomy by adding RAO, RVO, and VID, re-
sulting in a seven-class scheme that is aligned with clinical re-
ferral and optimized for triage. We also implemented a ViT
baseline; although the ViT study (17) reported 99.17% ac-
curacy on the four-class OCT2017 benchmark, our seven-
class, referral-oriented task—including RAO/RVO/VID—is
inherently harder, and ourmodel achieves Accuracy 0.95 and
F10.94. Furthermore, considering theprevalence of these dis-
eases [34-36], providing early diagnosis opportunities with a
low-cost and accessible AI-based screening system could of-
fer significant gains for public health [37]. Previous studies
similar to ours are summarized and presented in Table 4 for
comparison.
In terms of model architecture, while many existing works
employed VGG-16/19 or custom-built architectures (e.g.,
FD-CNN) [10, 29, 33], we utilized the ResNet50 model,
which balances network depth, generalizability, and compu-
tational efficiency through residual connections. Further-
more, the integration of Grad-CAM–based visual explana-
tions enhances interpretability and supports clinical trust in
the model’s outputs—an aspect often lacking in other stud-
ies [27,32]. Compared with related work, our model per-
forms reliably even with imbalanced datasets, offers trans-
parent decision-making through explainable AI, and uses an
open-source architecture that promotes practical implemen-

tation. Collectively, these features position our model as a
technically robust and clinically applicable contribution to
the current literature.
The 99.5% accuracy of normal samples is a critical advantage,
particularly for community screening and preliminary assess-
ment systems. Low false-positive rates in normal individuals
increase patient confidence and prevent unnecessary burden
on the health care system. This supports the utility of AI-
based systems as triage tools. Additionally, high precision in
detecting normal cases can improve system efficiency in large-
scale screening programs by reducing the number of cases re-
ferred for unnecessary specialist evaluation.
AMD detection with 94.67% accuracy is highly valuable for
early diagnosis and timely intervention. Early-stage vitamin
supplementation, risk factor management, and timely ini-
tiation of anti-vascular endothelial growth factor therapies,
which can be applied in wet cases, are key to reducing vision
loss [38]. This aligns with global efforts to reduce preventable
vision impairment due to AMD through earlier therapeutic
interventions.
The ability of the model to distinguish morphologically
similar vascular pathologies such as DME (92.22%), RVO
(96.67%), andRAO(96.88%) is crucial for triage systems. De-
spite the structural similarities between DME and RVO on
macular OCT, the model’s misdiagnosis of these 2 diseases is
only 2.0%. This is a particularly valuable distinction in clin-
ical decision-making processes, such as anti-VEGF treatment
planning and systemic assessment differentiation [39]. The
model may aid in prompt therapeutic direction by providing
automated differentiation of these pathologies, especially in
settings with limited retinal specialists.
The ability of the model to distinguish VID with 90.91%
accuracy is a significant achievement from both technical
and clinical perspectives. The VID class includes patholo-
gies, such as VMT, VMA, ERM, and macular hole, that
may require surgical management. The correct identification
of these cases is essential for timely surgical referral, poten-
tially preventing irreversible visual deterioration in progres-
sive cases.
The ERM, a subtype of the VID class, was classified by the
model with 91.4% accuracy. This result demonstrates that
ERM is highly successful in identifying cases with isolated
ERM, as it frequently accompanies other groups [24].
The most significant difference between VID and other mac-
ular diseases is that many cases are managed surgically rather
than medically. In particular, macular holes and advanced
ERM require vitreoretinal surgery, such as vitrectomy [40].
Accurate identification of VID can reduce time lost not only
in terms of disease diagnosis but also by directing patients to
the appropriate specialist (vitreoretinal surgeon). This can
minimize unnecessary examinations, re-evaluations, and sur-
gical interventions. Therefore, the model’s VID performance
may improve referral efficiency and reducing time to interven-
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tion.
Attention heat maps visually represent the OCT image re-
gions that the model focuses on when making classifica-
tion decisions. The model was found to effectively identify
anatomical regions with disease-specific structural abnormal-
ities in correctly classified examples. In misclassified cases, the
pathologies that reveal class characteristics in the OCT im-
ages were subtle, and the attention maps were generally con-
centrated in scattered or irrelevant regions. Beyond low dis-
ease severity, attenuation of acute signs over time (e.g., suba-
cute/chronic phases) may also hinder feature extraction from
a single B-scan, and weak cues can divert attention toward ar-
tifacts, extramacular structures (such as vitreous hyperreflec-
tivity), or disk-containing slices, as illustrated by the Grad-
CAM examples. Methodologically, these errors could be mit-
igated by incorporating phase metadata (acute vs. chronic),
applying lesion-centric attention regularization with penal-
ties for off-target regions, re-weighting borderline cases via fo-
cal loss, and enforcing slice quality control (excluding peri-
papillary, tilted, or low signal-to-noise scans). These obser-
vations that ambiguous or borderline findings may challenge
the generalizability of the model, emphasizing the potential
role of human-AI collaboration to improve diagnostic safety
in such cases. Consistent with these observations, misdiag-
noses in our cohortmainly arose from confusion between dis-
eased classes with overlappingOCTappearances (particularly
DME, ERM, VID, and RVO), rather than between diseased
and normal eyes, and were exacerbated by the limited sample
size of some categories.

Limitations

However, certain limitations must be explicitly acknowl-
edged. First, this studyused a single-center dataset, whichmay
limit the model’s generalizability across different populations
and imaging devices. Second, the retrospective nature of the
dataset could introduce selection bias, as the data may not re-
flect the full clinical spectrum of MDs. Third, class imbal-
ance in the dataset may still impact model sensitivity in un-
derrepresented disease groups, although partially addressed
through augmentation. Accordingly, prospective validation
using multicenter, balanced datasets is necessary to confirm
performance across diverse settings. In addition, we did not
perform calibration analysis (e.g., ECE, Brier score, and relia-
bility diagrams) or ablation analyses, which limited our assess-
ment of probability calibration and component effects. Fi-
nally, the study did not incorporate multimodal data or clin-
ical parameters, which could further enhance classification
accuracy and clinical relevance in future models. Moreover,
because data augmentation was performed before the train–
test split, augmented variants of the same original image may
have been present in both sets, potentially leading to a slight
overestimation of test performance. Therefore, future work
with larger, more balanced multicenter datasets, multimodal
inputs, and class-balanced or cost-sensitive training strategies

may help reduce such errors.

CONCLUSION
In this study, the ResNet50 model was evaluated as an effec-
tive AI approach for the high-accuracy classification of mac-
ular diseases from OCT images. In particular, the accurate
identification of normal individuals, successful differentia-
tion of common diseases such as AMD, and effective clas-
sification of VID requiring surgical intervention hold great
potential for clinical decision-making. The high interclass
discrimination power of the model enabled selective results
even among diseases with similar OCT morphology. To the
best of our knowledge, our seven-class design—addingRAO,
RVO, and VID—goes beyond four-class OCT benchmarks
and better mirrors referral-driven workflows, enabling triage
and timely surgical referral. These findings support the utility
of AI-supported systems in population-based screening, pri-
mary care, and clinical triage. Future studies should test the
model’s generalizability and clinical applicability with larger
and more heterogeneous datasets.
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