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A B S T R A C T 

Background: Early detection of retinal abnormalities is crucial to avoid irreversible visual loss and 

enable timely clinical interventions using Optical Coherence Tomography (OCT). Multiclass OCT 

classification remains difficult to automate because of inter-class similarity, limited samples for rare 

retinal diseases, and significant class imbalance.  
Materials and Methods: This paper introduces a new adaptive transfer-learning method, HybVGG-

XGB, which combines the fine-tuned VGG19 deep feature extraction with Extreme Gradient 

Boosting (XGBoost) to classify retinal images into multiclass categories. The proposed framework 

uses VGG19 to learn discriminative retinal representations and then transfers these features to 

XGBoost for nonlinear multiclass decision-making, unlike conventional transfer-learning methods 

that work directly with a fully connected or Softmax classification head.  

Results: An experimental subset consisting of 1,618 OCT images from seven categories was used 

in the experiments: age-related macular degeneration (AMD), diabetic macular edema (DME), 

epiretinal membrane (ERM), normal (NO), retinal artery occlusion (RAO), retinal vein occlusion 

(RVO), and vitreomacular interface disease (VID). The proposed HybVGG-XGB framework 

achieved an accuracy of 88.48%, a macro-F1 score of 0.7890, a sensitivity of 0.7540, a specificity 

of 0.9782, an ROC-AUC of 0.9903, and a PR-AUC of 0.9342. The findings suggest that task-

adaptable convolutional representations, combined with gradient-boosted classification, offer an 

innovative approach to retinal OCT classification under class imbalance and for computer-aided 

retinal screening.  

Conclusion: The results provide preliminary evidence that combining convolutional feature 

extraction with gradient-boosted classification is a suitable approach for retinal OCT analysis. 

However, the degree of minority-class representation and issues of patient-level independence and 

statistical uncertainty make it difficult to draw conclusions about clinical screening utility. 
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Introduction 

etinal diseases such as choroidal 

neovascularization and diabetic macular 

edema threaten sight and must be 

identified early to prevent permanent 

damage to the retina. Optical coherence 

tomography (OCT) is a noninvasive 

imaging technology with high-resolution imaging of 

retinal microstructures that can be used to assess fluid 

accumulation, neovascularization, and macular 

thickening, but it requires expertise and time. 

Multimodal structural and vascular imaging shows 

subtle retinal changes associated with systemic and 

degenerative diseases [1], and molecular and clinical 

biomarkers emphasize the importance of diagnostic 

frameworks that can capture pathological multiscale 

variation [2,3]. Expert-level automated feature 

extraction and retinal disease detection have been made 

possible by deep learning [4], and benchmarks such as 

RFMiD have driven multiclass retinal classification 

[5]. However, generalization issues, missing annotated 

data, and domain variations result in class imbalance; 

data harmonization and cross-institutional robustness 

are required [6]. Continual learning, distributed 

training, and foundation models offer opportunities for 

improvement due to their adaptability and scalability, 

but their computational and data requirements can be 

challenging to apply [7]. Metaheuristic optimization is 

also used to study convergence and parameter-tuning 

problems [8]. To address retinal image analysis, Hu et 

al. [9] proposed a multiscale CNN based on a modified 

cross-entropy loss function for vessel segmentation, 

highlighting the importance of multiscale feature 

learning and loss-function optimization for this 

problem. Kaushik et al. [10] adopted residual networks 

for DR detection and implemented skip connections to 

improve feature flow and training stability. The 

residual network (ResNet) [11], introduced by He et al. 

in recent years, uses skip connections to optimize 

deeper networks. The next step towards automated 

diagnosis is to apply deep learning based on OCT to the 

diagnosis of treatable retinal diseases, as Kermany et al. 

[12] demonstrated, achieving very high accuracy. Khan 

et al. [13] also proposed a task-specific architecture 

called RenalSegNet for kidney tumor segmentation in 

computed tomography (CT) images, highlighting the 

versatility of task-specific architectures for 

segmentation. Nagel et al. [14] pointed out 

complementary information in two imaging modalities, 

OCT and scanning laser ophthalmoscopy (SLO), and 

the need to develop computational methods that 

account for the characteristics of both. Vidiveli et al. 

[15] tuned hyperparameters for classifying ophthalmic 

images, while El Harti et al. [16] compared results from 

deep learning and traditional machine learning 

approaches and found that a hybrid classification 

approach can be applied with limited data. These 

studies indicate a need to explore more architectures 

that leverage transferable deep representations 

alongside regularised non-linear classifiers in 

imbalanced and heterogeneous data contexts. In this 

context, this study proposes a Hybrid VGG19-XGB 

(HybVGG-XGB) Adaptive Transfer Learning 

Framework for multiclass classification of retinal OCT, 

where VGG19 is adapted to learn task-specific 

hierarchical features used by the gradient-boosting 

classifier XGB for classification across different style-

representation learning and final decision modeling. 

These morphology-preserving preprocessing and 

augmentations help generalization and are compared 

with conventional transfer-learning baselines to test the 

hybridization effect (e.g., ResNet50). Evaluation 

includes accuracy, macro-F1, sensitivity, specificity, 

ROC-AUC, and PR-AUC to measure the overall 

discrimination and performance under class imbalance. 

The aim of the framework is to increase diagnostic 

accuracy and confidence; model transfer between 

datasets must be evaluated. In addition, it could enable 

the analysis and presentation of connected ophthalmic 

screening in Internet of Things healthcare workflows 

for OCT scans; further testing of test reliability, 

memory requirements, communication overhead, and 

inference latency would be needed to demonstrate 

deployability readiness. 

Materials and Methods 

The proposed HybVGG-XGB construct is run and 

tested using the OCTDL dataset [17], a publicly 

available repository of labeled retinal images belonging 

to several pathological groups and provided in Optical 

Coherence Tomography. The dataset includes a subset 

of clinically annotated OCT scans covering a wide 

range of retinal pathologies, facilitating robust 

multiclass analysis under realistic clinical variability. 

The proposed HybVGG-XGB is a hybrid model that 

extracts features from retinal OCT images using the 

VGG19 architecture and classifies them using 

XGBoost. The OCTDL dataset contains seven 

disability categories: age-related macular degeneration 

(AMD), diabetic macular edema (DME), epiretinal 

membrane (ERM), normal retina (NO), retinal artery 

occlusion (RAO), retinal vein occlusion (RVO), and 

Vitreomacular interface disease (VID). A total of 2,064 

images of 821 patients were obtained. The class 

distribution is also highly unbalanced, with 1231 

images of AMD and 22 images of RAO. Therefore, 

assessment should not rely only on overall accuracy; 

class-specific performance and macro-averaged 

metrics should also be considered. Before training the 

R 
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model, an extensive preprocessing pipeline is used to 

ensure consistent input and enhance generalization 

performance. All OCT images are downsampled to a 

uniform spatial resolution of 224 x 224 pixels and 

converted to a three-channel RGB format so they fit the 

pre-trained VGG-19 architecture. Pixel intensity values 

are scaled to the range [0,1] to stabilize gradient 

propagation and speed up convergence. To reduce 

overfitting and increase robustness to intra-class 

variability, data augmentation methods such as 

controlled rotation, horizontal flipping, brightness 

manipulation, zoom scaling, and spatial shifting are 

used during training. Table 1 summarizes the OCTDL 

dataset used in this paper.  

The original OCTDL collection was created for 

retinal OCT image analysis and comprises seven main 

diagnostic categories: Age-related macular 

degeneration (AMD), Diabetic macular edema (DME), 

Epiretinal membrane (ERM), Normal retina (NO), 

Retinal artery occlusion (RAO), Retinal vein occlusion 

(RVO), and Vitreomacular interface disease (VID). 

The entire OCTDL database has 2,064 OCT scans from 

821 patients. The original distribution comprises 1,231 

AMD, 147 DME, 155 ERM, 332 normal, 22 RAO, 101 

RVO, and 76 VID images. The dataset is therefore 

highly skewed. AMD accounts for about 59.64% of the 

available scans, while RAO accounts for about 1.07%. 

There is a large disparity between the largest class 

(AMD) and the smallest class (RAO), i.e., 55.95:1, 

which highlights the challenge of assessing the 

performance of the seven-class classifier using overall 

accuracy. Figure 1 demonstrates the proposed model's 

workflow. Experiments were carried out with images 

from the publicly available Optical Coherence 

Tomography Dataset for Image-Based Deep Learning 

Methods (OCTDL). 

Results 

The dataset used in the experiments is OCTDL, 

which includes seven categories: AMD, DME, ERM, 

NO, RAO, RVO, and VID. Experiments were reported 

with class-stratified training, validation, and test 

partitions. Class stratification is not sufficient for 

patient-level separation, however. OCTDL is a multi-

image dataset from a single patient; patient identifiers 

need to be documented across partitions to ensure 

independence. This condition is not shown in the 

present reporting. In this regard, patient-level leakage 

is possible and cannot be ruled out; therefore, the 

reported performance must be considered preliminary 

until the partitioning procedure is verified. During 

training, images were pre-processed, resized to 224 × 

224 pixels, normalized to the range [0,1], and 

augmented with rotations, flips, and zooms. HybVGG-

XGB used an ImageNet-pretrained VGG19 backbone, 

with the upper convolutional layers unfrozen for 

domain adaptation purposes. We used Adam, 

categorical cross-entropy loss, and early stopping for 

training. Deep features were extracted from the images 

and fed to an optimized XGBoost classifier, with 

Table 1. Summary of OCTDL Dataset Characteristics 

[17]. 

Category 
Number of 

Images 

Age-Related Macular Degeneration 

(AMD) 
1231 

Diabetic Macular Edema (DME) 147 

Epiretinal Membrane (ERM) 155 

Normal 332 

Retinal Artery Occlusion (RAO) 22 

Retinal Vein Occlusion (RVO) 101 

Vitreomacular Interface Disease 

(VMID) 
76 

Total 2064 

 

 

 

 
Figure 1. Workflow diagram of the proposed model. 
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adaptive probability fusion used to obtain the final class 

label probabilities. Evaluation comprised ACC, macro-

F1, SEN, SPE, ROC-AUC, and PR-AUC. Figure 2 

shows the training loss and accuracy curves. The loss 

function shows smooth convergence, and the training 

and validation losses are close, indicating stable 

optimization and limited overfitting; however, the 

model still needs to be tested independently for 

generalization. 

Similarly, the training and validation accuracy 

curves increase steadily with epochs, reaching high 

performance levels. The error between generalization 

(i.e., a small generalization gap (~4-5)) is a sign of 

strong feature learning and good regularization. Figure 

3 (Overall Metrics) represents the general performance 

indicators of the proposed HYBVGG-XGB model. 

Performance of the proposed HybVGG-XGB 

model is also further considered in terms of 

classification in terms of confusion matrix and 

normalized confusion matrix as shown in Figure 4. The 

analysis of the confusion matrix, in general, speaks in 

favor of the performance of the proposed model 

framework and correlates with the obtained accuracy of 

88.48, macro-F1 score of 78.90, sensitivity of 75.40, 

and specificity of 97.82, and the high ROC-AUC score 

of 0.9903 means that the framework is highly separable 

across classes. These findings indicate that the 

proposed approach can achieve strong classification 

performance with minimal false positives, especially in 

a clinical screening context. 

There was a wide range of performance among 

classes. Sensitivity values were 0.9398, 0.9524, and 

0.8000 for RAO, VID, and ERM, respectively, with 

lower values for AMD and normal images. The 

sensitivity of RAO was 0.5000 (two images correctly 

classified from four test images), and the sensitivity of 

VID was 0.6250 (five images correctly classified from 

eight test images). The small denominators make these 

estimates very sensitive to individual 

misclassifications. Although precision was 1.0000 for 

both RAO and VID, these values were based on only 

two and five positive predictions, respectively. 

Therefore, these results cannot be trusted to provide 

adequate minority-class detection and should be 

interpreted alongside sample sizes and patient-aware 

uncertainty estimates (Figure 5). 

 

 

 

Figure 2. Accuracy and Loss curve of the proposed 

HYBVGG-XGB model. 

 

 

 
Figure 3. Overall metrics of the proposed HYBVGG-XGB model. 
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ROC-AUC and macro-F1 are two different 

measures of model performance. In a 1 vs rest analysis, 

the continuous prediction score is used to compare each 

diagnostic category to all the other diagnostic 

categories. Macro-averaged ROC-AUC gives equal 

weight to the class-specific ROC AUC; micro-averaged 

ROC-AUC contains the image–class label and score 

pairs. Sensitivity and F1, on the other hand, are based 

on final class assignment. Thus, it is possible to have 

positive ranking while maintaining low sensitivity and 

macro-F1. The reported AUC should not be used as an 

     

 
Figure 4. Confusion metrics of the proposed HYBVGG-XGB model. 

  

 

 

Figure 5. Per-class comparisons of precision, Recall, and F1 score of the proposed HYBVGG-XGB model. 

  

           

 
Figure 6. Precision–Recall (PR) and Receiver Operating Characteristic (ROC) curves of the proposed HYBVGG-XGB model. 

  

A B 
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indication of consistently high detection rates for all 

seven categories, especially for minority-class sample 

sizes. Figure 6 (A) shows that the ROC analysis yields 

micro-AUC and macro-AUC of 0.992 and 0.991, 

respectively, indicating good separability among the 

classes. Similarly, the Precision-Recall curves in Figure 

6 (B) also show high performance, especially in the 

AMD and NO classes, demonstrating the model's 

ability to address class imbalance. The high ROC and 

PR values across all categories prove the strength and 

credibility of the proposed model in differentiating the 

classes. 

The performance of HybVGG-XGB and the 

comparison models is summarized in Figures 7 and 8, 

respectively. These numerical comparisons are 

descriptive; the current reporting does not imply that 

the models used have the same patient-level partitions 

or development and evaluation processes. The results 

shown may vary because of differences in sample 

selection, processing, augmentation, and 

hyperparameter optimization. Therefore, these 

comparisons are not meant to be statistically superior. 

Direct comparative conclusions must be based on the 

same held-out patients, report the processing 

requirements unique to each model, and provide paired 

estimates of model-specific performance differences 

with their attendant uncertainty (Table 2). 

Discussion 

The reported results provide an exploratory 

 

 
Figure 7. Multi-model comparisons across models. 

  

 

 
Figure 8. Grouped comparison of all existing methods. 
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evaluation of using VGG19 features with XGBoost to 

classify retinal OCT images. They don't show 

statistically significant superiority over competing 

methods or show clinical screening utility. The gap 

between overall accuracy and macro-F1 scores 

suggests that overall performance is not a good measure 

of performance across unbalanced diagnostic 

categories. The study did not assess operating 

thresholds, clinically justified thresholds, or probability 

calibration. The study therefore does not allow 

determination of the reliability of the predicted 

probabilities for clinical decision-making or whether 

care based on these models would be of net benefit. For 

clinical use, it is necessary to have a clear, easily 

understood intent, a defined target population, and 

external validation across relevant institutions and 

imaging devices. Combining deep feature fine-tuning 

with gradient-boosting optimization leads to higher 

classification accuracy, better detection of minority 

classes, and strong generalization. These findings 

confirm the usefulness of the proposed architecture for 

multiclass retinal OCT disease classification and for an 

automated clinical decision support system. The high 

specificity suggests a low false-negative rate across all 

disease categories, and the ROC-AUC confirms strong 

overall discriminative ability. The differences in 

overall accuracy and macro-F1 also highlight that class 

distribution is important to consider. Since the disease 

class distribution is uneven, accuracy can be more 

strongly influenced by larger classes, while macro-F1 

gives each class equal weight. Thus, these three values, 

macro-F1, sensitivity, and PR-AUC, are significant 

complementary metrics for performance on less well-

represented retinal diseases. The results will be 

evaluated in relation to a retrospective study (on a 

selected subset of the OCTDL). Results on this dataset 

are not necessarily representative of performance at 

other institutions, with other imaging devices, or in 

different screening populations. In some disease 

classes, the number of test samples is small, which 

diminishes the accuracy of class performance 

estimates.  The internal test set contained 243 images, 

including only four RAO images and eight VID images. 

For these classes, changing the classification of one 

image results in 25.0 and 12.5 percentage-point 

changes in sensitivity, respectively. Estimates are 

therefore subject to change by class and are considered 

exploratory. Repeated patient-grouped cross-validation 

would be useful to gauge sensitivity to data 

partitioning, with the caveat that all images for a patient 

are in a single fold and that model selection is limited 

to the images in the appropriate development folds. The 

number of folds should be proportional to the number 

of unique patients in the least represented categories. 

This re-testing does not add more independent patients 

and will not reduce the uncertainty resulting from the 

limited minority-class representation. 

Conclusion 

In this study, we proposed a hybrid adaptive 

transfer-learning framework for seven-class 

classification of retinal diseases based on OCT images, 

named HybVGG-XGB. The framework features fine-

tuned VGG19 deep representation learning and 

XGBoost nonlinear multiclass classification. In 

contrast, the conventional transfer learning model with 

a CNN classification head is replaced by HybVGG-

XGB, where the deep network and the gradient-boosted 

classifier play complementary roles: the deep network 

provides features, and the gradient-boosted classifier 

provides the final classification. The proposed model 

achieved an overall accuracy of 88.48%, a macro-F1 

score of 0.7890, a sensitivity of 0.7540, a specificity of 

0.9782, a ROC-AUC of 0.9903, and a PR-AUC of 

0.9342. The ensemble evaluation highlights the need to 

incorporate class-sensitive metrics when evaluating 

retinal disease classification tasks under an imbalanced 

multiclass distribution. The results suggest that deep-

feature extraction with gradient boosting is promising 

for computer-aided OCT screening and retinal disease 

decision support. However, the present study has some 

limitations: evaluation in a single dataset and a 

relatively small number of samples in certain retinal 

disease categories. Larger, multicenter, multi-device 

OCT datasets are needed to further investigate and 

establish clinical generalizability. Future work will also 

focus on enhancing minority-class learning, model 

interpretability, calibration, and prospective clinical 

evaluation. HybVGG-XGB should thus be considered 

Table 2. Classification report of the proposed model. 

Class Precision 
Recall 

(SEN) 

F1-

Score 
Support 

AMD 0.9615 0.9398 0.9506 133 

DME 0.7200 0.8182 0.7660 22 

ERM 0.7273 0.8000 0.7619 20 

NO 0.8333 0.9524 0.8889 42 

RAO 1.0000 0.5000 0.6667 4 

RVO 0.8182 0.6429 0.7200 14 

VID 1.0000 0.6250 0.7692 8 

Accuracy — — 0.8848 243 

Macro 

Avg 
0.8658 0.7540 0.7890 243 

Weighted 

Avg 
0.8919 0.8848 0.8837 243 
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as a potentially useful computer-aided screening 

system to complement, but not supplant, specialist 

ophthalmological screening. 
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