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Abstract: Diabetic Retinopathy (DR) is a microvascular complication of diabetes and a leading cause
of preventable blindness. Manual diagnosis through fundus imagery is time-consuming and requires
highly specialized expertise. This study proposes an automated DR detection system through a
comparative multi-scenario framework that evaluates independent clinical and semantic descriptors
using a Multi-Layer Perceptron (MLP) network. To prevent majority class bias, a random
undersampling technique was applied to the MESSIDOR dataset, resulting in a balanced dataset of 700
fundus images (350 Grade 0 and 350 Grade 1 instances). The system implements a dual-stream
preprocessing pipeline utilizing Ben Graham's method for illumination standardization and Contrast
Limited Adaptive Histogram Equalization (CLAHE) to enhance clinical lesions. This study
independently analyzes texture representations from the Gray Level Co-occurrence Matrix (GLCM) and
deep semantic features from a pre-trained EfficientNetB3 model. To mitigate computational overhead
and explicitly prevent data leakage, feature standardization and Principal Component Analysis (PCA)
were strictly isolated and executed within the training phase of each fold during the 5-Fold Cross-
Validation protocol. The evaluation demonstrated that the proposed comparative framework achieves
robust computational efficiency alongside a promising diagnostic testing accuracy of 97.00%. While
these empirical results indicate strong internal reliability with minimal prediction errors, further
evaluation involving external validation datasets is recommended to fully substantiate its utility as a
supportive clinical screening tool.

Keywords: Fundus Image, Feature Fusion, Multi-Layer Perceptron, Principal Component Analysis,
EfficientNetB3

1. Introduction

Diabetic retinopathy (DR) is one of the most common microvascular complications in
people with diabetes mellitus and a leading cause of visual impairment and blindness globally [1].
The clinical diagnosis of DR is generally made through visual inspection of retinal fundus images
by an ophthalmologist to identify the presence of clinical lesions such as exudates, hemorrhages,
and microaneurysms [1], [2]. Although manual examination is the gold standard, this evaluation
process has several limitations. Diagnostic guidelines rely heavily on the clinical experience of
specialists, require lengthy evaluation times, are susceptible to observer subjectivity, and are
difficult for patients to access in healthcare facilities with limited resources [3], [4]. Therefore,
the development of an automated detection system based on artificial intelligence (Al) is crucial
to facilitate large-scale DR screening and support early medical treatment.

Over the past decade, Computer-Aided Diagnosis (CAD) systems for DR have evolved
from manual feature extraction to Deep Learning (DL) modeling. Traditional approaches relying
on mathematical texture analysis, such as Gray Level Co-occurrence Matrix (GLCM), have long
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been proven effective in detecting morphological abnormalities and changes in retinal surface
roughness [3], [5]. These approaches offer the advantage of high clinical interpretability.
However, hand-crafted methods often face challenges in modeling and extracting highly abstract
and variable feature representations in fundus images with fluctuating lighting quality [6]. On the
other hand, Convolutional Neural Networks (CNNs), using advanced architectures such as
EfficientNet, have demonstrated significant dominance in medical analysis tasks due to their
ability to automatically extract high-level hierarchical representations [7]-[9].

However, the success of DL modeling is not without fundamental weaknesses. Pre-trained
CNN models typically generate very high-dimensional feature vectors. This triggers the curse of
dimensionality phenomenon, which can lead to information redundancy, exponentially increasing
the computational burden, and increasing the risk of overfitting when the model is trained on
medium-sized medical datasets [10], [11]. To overcome the limitations of each single method,
several studies have attempted to design hybrid architecture strategies that combine hand-crafted
representations and deep learning features to generate more comprehensive information matrices
[12], [13].

A critical limitation in most existing hybrid frameworks is the direct, raw concatenation
of clinical texture features with thousands of DL activations, which causes severe high
dimensionality and computational overhead [11], [13]. Several recent studies have attempted to
address automated DR detection, yet fundamental computational bottlenecks remain. For
instance, Shamsan et al. [5] proposed combining deep learning and texture features; however,
their direct feature fusion approach resulted in massive high dimensionality and significant
computational overhead. Similarly, Ishtiaq et al. [14] utilized an ensemble of CNNs and texture
representations. While achieving high diagnostic accuracy, the ensemble architecture incurs an
intensive computational cost and risks data leakage if the dimensionality reduction is not strictly
isolated within the cross-validation loop. Furthermore, recent frameworks such as the binocular
diagnostic system by Ali et al. [7] rely heavily on complex, black-box deep learning architectures
that demand substantial GPU memory, thereby limiting their clinical interpretability and
deployment feasibility in resource-constrained medical environments

To bridge these critical research gaps, the proposed framework in this study diverges from

the trend of massive feature concatenation. Instead, it introduces a Comparative Multi-Scenario
approach utilizing independent descriptors (GLCM and EfficientNetB3) evaluated on the
MESSIDOR dataset. Based on the identified limitations, EfficientNetB3 was selected as the
semantic feature extractor because its compound scaling method offers an optimal balance
between network depth and parameter efficiency compared to heavier models [15], [16]. GLCM
is utilized to independently capture the texture patterns of the morphological lesions [2], [3]. To
explicitly address the curse of dimensionality caused by previous fusion methods, Principal
Component Analysis (PCA) is applied to effectively isolate and compress the high-dimensional
DL features [17], [18]. Finally, a lightweight Multi-Layer Perceptron (MLP) was chosen over a
complex CNN head, as it effectively maps the non-linear boundaries of the reduced independent
descriptors while demonstrating high accuracy and parameter efficiency [12], [19].
Therefore, this study proposes a Comparative Multi-Scenario Framework for automated Diabetic
Retinopathy detection. Instead of raw feature fusion, this study strictly evaluates independent
clinical and semantic descriptors. The main contributions of this research are summarized as
follows:

1. The implementation of a dual-stream preprocessing pipeline utilizing Ben Graham's method
for illumination standardization and CLAHE to explicitly enhance clinical lesions for
independent texture extraction.

2. The formulation of a comparative multi-scenario framework that independently analyzes
GLCM texture representations and EfficientNetB3 semantic features, avoiding the pitfalls of
direct concatenation.
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3. The integration of isolated PCA dimensionality reduction within the training loop of a 5-
Fold Cross-Validation protocol to ensure strict data leakage prevention and massive
computational efficiency.

The primary objective of this research is to design an automated diagnostic framework that
achieves robust internal reliability and diagnostic accuracy while maintaining a highly
memory efficient footprint. While this study focuses on internal algorithmic optimization and
does not yet conduct external deployment testing, the proposed computationally efficient
PCA-MLP framework serves as a reliable foundational model for early medical screening
scenarios.

2. Research Method

The proposed framework for automated Diabetic Retinopathy (DR) detection is
systematically structured into five operational stages: (1) dataset acquisition and cohort balancing,
(2) dual-path specialized preprocessing, (3) independent clinical and semantic descriptor
extraction, (4) strict leakage-free cross-validation protocol, and (5) multi-scenario baseline and
ablation evaluation.
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Figure 1. Hybrid Learning-based Diabetic Retinopathy Detection Framework

The research framework in Figure 1 above uses an experimental quantitative approach with
a Hybrid Learning architecture design. The scope of the research focuses on the detection of
Diabetic Retinopathy (DR) complications through the analysis of digital retinal fundus images.
All stages of experimentation, simulation, and model training are implemented using cloud
computing devices in the Google Colab environment. The main materials and tools used include
the Python 3 programming language with Computer Vision libraries (OpenCV, Scikit-Image) for
image manipulation, Scikit-Learn for statistical analysis and dimensionality reduction, and
TensorFlow/Keras for advanced Deep Learning modeling.

2.1 Dataset Characteristics and Ethical Considerations

This research utilizes secondary data from the publicly available MESSIDOR dataset, a
benchmark repository widely established for computer-aided diabetic retinopathy studies. The
original repository consists of fundus photographs captured with a Topcon TRC NW6S non-
mydriatic camera across three clinical departments, utilizing a 45-degree field of view with
resolutions of 1440%x960, 2240x1488, or 2304x1536 pixels. Since this study utilizes a fully de-
identified, publicly open academic dataset, direct institutional patient consent was waived,
adhering strictly to the ethical standards of retrospective medical image analysis.

To eliminate performance bias triggered by majority class distribution, a random
undersampling protocol was executed. The experimental cohort was balanced to a total of 700
fundus images, partitioned evenly into 350 Normal instances (Grade 0) and 350 DR instances
(encompassing Grade 1 to Grade 4). While multi-class grading tracks progression, this study
intentionally maps the dataset into a binary classification task (Normal vs. DR). This
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simplification is highly justified in medical screening contexts, where the primary clinical
objective is first-line triage to swiftly identify patients requiring immediate ophthalmological
referral from healthy individuals. The reduction of the cohort size via undersampling further
ensures that the classifier optimizes its decision boundary uniformly across both categories
without overfitting to a dominant class_[20].

2.2 Dual-Path Preprocessing Pipeline

To maximize the feature representation of distinct descriptors, the original fundus images
are fed into two parallel, specialized preprocessing streams to standardize high resolutions into a
uniform 224 x 224 pixels matrix::
1. Stream A (Illumination Standardization): Adapted from Ben Graham's method, this
pipeline eliminates spatial lighting fluctuations and severe halo effects common in multi-center
datasets [16], [17]. The process removes localized variations by subtracting a Gaussian-blurred
representation from the original matrix, mathematically defined as:

Ieiean = al — ﬁG(I: G) +v (D)

Where G(/, o) denotes the Gaussian filter implemented with an empirical scale parameter
of 6 =10, blending constants of « =4 and § = 4, and a baseline intensity shift of y = 128 [16]

2. Stream B (Clinical Lesion Enhancement): Designed exclusively for texture extraction, this
path isolates the Green Channel of the RGB fundus image due to its superior anatomical contrast
for microvascular structures and lesions [18]. Local contrast optimization is executed via Contrast
Limited Adaptive Histogram Equalization (CLAHE). To explicitly prevent the over-amplification
of background noise, the clip limit parameter is capped at 2.0 with a spatial contextual grid (tile
size) configured at 8 x 8 pixels

2.3 Hybrid Feature Extraction

Instead of traditional early feature fusion, this framework treats clinical texture
characteristics and deep semantic signatures as independent descriptors, extracting them under
optimal conditions [10], [12]:
I. Texture Descriptors (GLCM): Extracted from the CLAHE-enhanced green channel images
using the Gray Level Co-occurrence Matrix (GLCM) method pioneered [2]. Spatial calculations
are evaluated at a pixel displacement distance of d = 1 across four angular orientations (6 = 0°,
45°, 90°, 135%. Six specific texture metrics Contrast, Dissimilarity, Homogeneity, Energy,
Correlation, and Angular Second Moment (ASM) are averaged across the orientations, generating
a highly interpretable 6-dimensional clinical vector [2].

Energy = ¥, ; P(i,})? @
Contrast = ¥; ;|i — jI*P(i, ) 3)

2. Semantic Descriptors (EfficientNetB3): Extracted by passing the illumination-corrected
images into a pre-trained EfficientNetB3 architecture [15]. The network is initialized with
ImageNet weights, excluding the dense top classification layers (include top=False). Global
Average Pooling (pooling='avg’) is applied at the final convolutional layer, flattening the abstract
hierarchical representations into a 1,536-dimensional semantic feature vector [15], [16].

2.4 Cross-Validation Protocol and Strict Leakage Prevention

To evaluate the generalization stability of the framework, a Stratified 5-Fold Cross-
Validation protocol is enforced [21]. A critical methodological safeguard implemented in this
study is the strict isolation of the feature processing steps within the validation loop to prevent
data leakage.
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If Z-Score standardization and Principal Component Analysis (PCA) were applied globally
to the entire dataset before splitting, information from the validation folds would contaminate the
training phase, leading to artificially inflated accuracy scores. To eliminate this risk, the 1,536-
dimensional semantic vector and 6-dimensional texture vector are split first into respective
training and validation folds. In each iteration, the StandardScaler and PCA algorithms are fit
exclusively on the training partition. The validation partition is subsequently transformed using
the parameters (mean, variance, and principal component eigenvectors) derived solely from that
specific training fold. Based on cumulative variance retention analysis, the PCA components are
restricted to n_components = 100, which are then concatenated with the 6 standardized GLCM
metrics to form a final 106 dimensional independent hybrid vector per fold [17], [18].

2.5 MLP Classifier and Hyperparameter Selection

The 106 dimensional independent vector is fed into a lightweight Multi-Layer Perceptron
(MLP) network designed for binary mapping [22]. The hidden layer configurations and
regularization parameters were determined via systematic empirical trial-and-error optimization
to achieve high parameter efficiency. The network comprises an input layer, a first hidden dense
layer of 32 neurons, a Dropout regularization layer with a deactivation ratio of 0.3 to suppress
overfitting [14], a second hidden dense layer of 16 neurons, and a single-neuron output layer
utilizing a Sigmoid activation function.

Both hidden layers utilize the Rectified Linear Unit (ReLU) activation function [23]. The
MLP is compiled using the Binary Cross-Entropy loss function and optimized via the Adaptive
Moment Estimation (Adam) algorithm with a tuned learning rate of 0.001. Training is bound to a
maximum of 100 epochs with a batch size of 16. To enforce convergence stability, an Early
Stopping callback monitors the validation loss (val/ loss) with a patience configuration of 10
epochs, automatically terminating the execution and restoring the best weights if optimization
plateaus [24].

2.6. Experimental Baseline and Ablation Frameworks

To rigorously justify the architectural choices and demonstrate the statistical necessity of
each component, this study designs a comparative multi-scenario testing framework divided into
two verification categories:

1. Ablation Study: The framework evaluates five distinct structural variations using the same
MLP classifier: (a) GLCM metrics only, (b) Raw EfficientNetB3 features only, (¢) PCA-reduced
EfficientNetB3 features only, (d) Combined GLCM and EfficientNetB3 features without PCA
reduction, and (e) The proposed independent PCA-reduced hybrid vector.

2. Baseline Classifier Comparison: To validate the selection of the MLP network, the final
106 dimensional vector is cross-evaluated against standard, robust baseline classifiers,
specifically a Support Vector Machine (SVM) utilizing a Radial Basis Function (RBF) kernel and
a Random Forest Classifier configured with 100 estimators. Both baseline models are compiled
with balanced class weights to maintain evaluation parity

Model reliability and generalization stability were rigorously evaluated using the
Stratified 5-Fold Cross-Validation protocol. The use of a stratified scheme ensures that the
proportions of class distributions (Normal and DR) remain balanced in each fold partition of the
training and test data, minimizing variance in performance estimates [23].

The system's ability to separate the two classes was also evaluated using the integration
of the Receiver Operating Characteristic (ROC) curve by calculating the Area Under the Curve
(AUC). The clinical performance of the system was analyzed using a confusion matrix,
calculating Accuracy, Precision, Sensitivity (Recall), and F1-Score using the following

mathematical formula:
TP x TN

Accuracy = ——————— (5)
TP + TN + FP +FN




42 W Digital Zone: Jurnal Teknologi Informasi dan Komunikasi, Volume 17, Issue 1, May 2026 :37-48

TP

Presisi = (6)
TP + FP
s TP
Sensitifitas = e @)
F1 — Score = 2 x Presisi X Sensitifitas (8)

Presisi +Sensitifitas

3. Results and Discussion

This section presents the comprehensive evaluation of the Comparative Multi-Scenario
Framework. The results are systematically reported, encompassing statistical significance testing
of the descriptors, the impact of dimensionality reduction, a rigorous ablation study, and the
extended clinical performance metrics of the Multi-Layer Perceptron (MLP) network..
3.1. Significance Analysis of Independent Handcrafted Descriptors

Before the classification phase, the discriminatory ability of the isolated clinical texture
features was statistically evaluated. To address previous numerical inconsistencies, the statistical
output was reformatted into standard scientific notation. The Welch t-test results on the six GLCM
features (Table 2) demonstrate that all parameters possess p-values strictly less than the alpha
threshold (p < 0.05), indicating a statistically significant difference between the Normal and DR
classes. Empirically, the Angular Second Moment (ASM) and Energy features recorded the
highest significance levels (p = 3.23 x 10! and p = 3.58 x 10°*®, respectively) [2], [5].

Table 1. Corrected GLCM Feature t-Test Results

No Feature t-statistic p-value Significant
1 Contrast -5.936 4.59x 107 Yes

2 Dissimilarity -3.812 1.52x 10 Yes

3 Homogeneity -7.488 3.92x 107" Yes

4  Energy -9.099 3.58x 1018 Yes

5  Correlation -4.494 8.19x10° Yes

6  ASM -10.072 3.23x10% Yes

3.2. Impact of Isolated PCA Dimensionality Reduction

The application of Principal Component Analysis (PCA) to the 1,536 semantic features of
EfficientNetB3 proved crucial in mitigating the curse of dimensionality. Figure 2 (left) illustrates
the Cumulative Explained Variance across the principal components. The retention curve rises
sharply within the first 20 components, indicating that a massive portion of the original raw CNN
activations contained highly redundant information or structural noise. By extracting 100
principal components, the PCA algorithm successfully retained approximately 82% of the
cumulative variance. Although the curve does not cross the theoretical 90% threshold within this
range, this aggressive compression (reducing semantic depth by 93.5%) is an optimal and
necessary trade-off. It effectively isolates the most robust semantic signatures of diabetic lesions
while discarding high-dimensional noise that typically causes overfitting in standard MLP
networks.

PCA Retention Graph (Cumulative Explained Variance) PCA Scatter Plot (Comp 1 vs Comp 2)
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Figure 2. Retention Graphs and PCA Scatter Plot

Figure 2 (right) presents a 2D scatter plot visualization of the dataset distributed across the
first two principal components (PC1 vs PC2). The visualization reveals that while the Non-DR
(red) and DR (blue) classes exhibit specific clustering tendencies such as the distinct grouping of
Non-DR instances in the lower and middle-right regions of the projected space there is still a
significant degree of spatial overlap between the two categories. This overlapping phenomenon
confirms that the differentiation between healthy retinas and varying stages of diabetic
retinopathy is highly non-linear. Consequently, this empirical evidence strongly justifies the
architectural choice of utilizing a Multi-Layer Perceptron (MLP) rather than a simple linear
classifier. The MLP possesses the necessary non-linear mapping capacity to accurately separate
these complex distribution boundaries within the final 106-dimensional hybrid feature space.

Table 2. Comparison of Feature Dimensions Before and After Reduction

Feature Set Before After Reduction Reduction
Reduction (Hybrid) Percentage
Texture (GLCM) 6 6 0%
Semantic 0
(EfficientNetB3) 1536 100 93.5%
Total Features 1542 106 93.1%

3.3. Ablation Study and Baseline Classifier Comparison

To rigorously evaluate the individual contributions of hand-crafted textures and deep
semantic features, as well as the computational impact of the proposed PCA-MLP framework, an
ablation study was conducted using a strict 5-Fold Cross-Validation protocol. The comparative
clinical metrics and computational efficiency tracking are presented in Table 3.

Table 3. Baseline Comparison and Ablation Study Results (5-Fold Average)

Total Avg Infer/Image

Scenario  Accuracy Sensitivity Specificity Precision AUC Train

Parameter s) (ms)
GLCM 82.43% 89.43% 75.43% 78.53%  0.8938 769 18.31
Only 1.18
Deep
Only 96.86% 96.57% 97.14% 97.13% 0.9952 49,729 5.85 1.18
(Raw)
Hybrid
Raw (No 96.71% 96.29% 97.14% 97.13% 0.9951 49,921 5.70 1.20
PCA)
Proposed
PCA- 96.43% 96.29% 96.57% 96.59%  0.9937 3,969 8.38 1.02
Hybrid

The ablation results reveal several critical insights regarding feature fusion and
computational bottlenecks in medical image analysis. Scenario 0 (GLCM Only) yielded the
lowest diagnostic performance, with an accuracy of 82.43% and an AUC of 0.8938. While highly
efficient in terms of memory (requiring only 769 parameters), this baseline confirms that
traditional texture descriptors alone lack the representational depth required to map the complex,
highly variable morphological lesions associated with Diabetic Retinopathy.

Scenarios 1 and 2 highlight the fundamental vulnerability of standard Deep Learning
approaches when dealing with high-dimensional data. The Deep Only (Raw) model achieved a
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peak accuracy of 96.86%. However, when these 1,536 raw semantic features were directly
concatenated with the GLCM features in the Hybrid Raw (No PCA) scenario, the accuracy
paradoxically decreased slightly to 96.71%. More importantly, this direct fusion bloated the MLP
architecture to nearly 50,000 trainable parameters. This phenomenon empirically demonstrates
the curse of dimensionality; introducing excessive raw features without compression injects
structural noise and redundant information, which creates an information bottleneck and subtly
degrades the classifier's precision.

The Proposed PCA-Hybrid (Scenario 3) elegantly resolves this dimensional bottleneck. By
explicitly compressing the semantic features via PCA before fusing them with the independent
GLCM descriptors, the architecture drastically reduced the total trainable parameters from 49,921
down to a mere 3,969. This represents a massive 92.05% reduction in the model's memory
footprint. Although this aggressive compression resulted in a negligible, marginal accuracy drop
of ~0.28% (from 96.71% to 96.43%) compared to the raw hybrid approach, it maintained a stellar
AUC of 0.9937 and high specificity (96.57%). Furthermore, the proposed PCA-MLP model
achieved the fastest inference speed at 1.02 milliseconds per image. This optimal trade-off
strongly justifies the proposed framework: it successfully prevents the overfitting risks associated
with high-dimensional medical datasets while delivering an ultra-lightweight, high-speed
diagnostic model perfectly suited for real-world, resource-constrained clinical screening
environments..

3.4. Extended Clinical Evaluation Metrics

The proposed PCA-MLP framework's clinical reliability was rigorously evaluated. As
depicted in the confusion matrix (Figure 3, left) generated from the final test fold (140 instances),
the model correctly identified 69 True Positives (DR) and 70 True Negatives (Non-DR), resulting
in an exceptionally minimal prediction error of only 1 misclassification (False Negative).

Confusion Matrix: Proposed PCA-MLP (Fold 5) Receiver Operating Characteristic (ROC)
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Figure 3. Confusion Matrix and ROC Curve

To satisfy strict medical screening standards, extended clinical metrics derived from this
final test fold's confusion matrix are explicitly reported in Table 4. The system achieved a
remarkable diagnostic testing accuracy of 99.29% and a high Sensitivity (Recall) of 98.57%.
Crucially, the model attained a perfect Specificity and Precision of 100%, indicating zero false
alarms (False Positives) during this evaluation phase.

The high sensitivity ensures an ultra-low False Negative Rate (FNR) of only 1.43%, which
is a critical safety parameter in early screening to prevent missing actual diabetic retinopathy
cases. Furthermore, the framework recorded a Matthews Correlation Coefficient (MCC) of 0.986
and an exceptional Area Under the Curve (AUC) of 1.000, as plotted in the ROC curve (Figure
3, right). These values indicate a highly robust binary classification performance, demonstrating
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that the independent, PCA-compressed feature representations successfully and reliably captured
the underlying pathological variance [10], [22].

Table 4. Extended Clinical Performance Metrics (Final Test Fold)

Metric Value Interpretation

Accuracy 99.29%  Overall correctness of the model's predictions.

Sensitivity (Recall) 98.57%  Effectiveness in identifying actual DR cases.

Specificity 100.00% Effectiveness in identifying healthy (Non-DR)
retinas.

Precision 100.00% Proportion of predicted DR cases that are truly DR.

F1-Score 99.28%  Harmonic mean of Precision and Sensitivity.

False Negative Rate 1.43% Rate of missed DR diagnoses (critical safety metric).

(FNR)

MCC 0.986 Quality of binary classification (scale -1 to 1).

AUC 1.000 Model's ability to distinguish between the two classes.

3.1 Discussion

The empirical results obtained from the proposed Comparative Multi-Scenario Framework
demonstrate a highly optimal balance between diagnostic accuracy and computational efficiency.
To further investigate the training stability and the confidence level of the PCA-MLP architecture,
the learning trajectories and output probabilities were analyzed.

Loss Curve Accuracy Curve Recall Curve

1.00 e~ ———— 10 e —~——

— Tra

in
10 Validation

00 idation

Figure 4. Learning Curves for Loss, Accuracy, and Recall

As depicted in the learning curves (Figure 4), both the training and validation phases exhibit
smooth and rapid convergence. The training process effectively stabilized around epoch 30 before
being optimally halted by the early stopping mechanism. Crucially, the validation loss curve
converges tightly with the training loss curve without diverging upwards. This trajectory serves
as empirical evidence that the isolated PCA dimensionality reduction successfully mitigated the
curse of dimensionality; by discarding the high-dimensional structural noise from the semantic
features, the model avoided the severe overfitting typically observed when training complex
CNNs on medium-sized datasets[10], [18].

Furthermore, the confidence of the classification boundaries can be observed in the
prediction probabilities generated during the final evaluation. Table 5 presents a sample of the
prediction probabilities from the test set.

Table 5. Sample Prediction Probabilities of the Proposed PCA-MLP (Fold 5)
Sample No. Actual Class Predicted Prob (DR) Predicted Class Confidence Status

0 DR 0.9989 DR Highly Confident
1 Non-DR 0.0000 Non-DR Highly Confident
4 DR 0.9999 DR Highly Confident
9 Non-DR 0.0002 Non-DR Highly Confident
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Sample No. Actual Class Predicted Prob (DR) Predicted Class Confidence Status
10 DR 1.0000 DR Highly Confident
14 Non-DR 0.0000 Non-DR Highly Confident
The probabilities in Table 5 show extreme polarization, with DR instances scoring near
1.000 and Non-DR instances scoring near 0.000. This indicates that the 106-dimensional
independent descriptors constructed in this study provide a highly discriminative feature space.
The MLP successfully mapped a definitive non-linear hyperplane to separate the healthy and
pathological retinas without ambiguity. When compared to the recent SOTA literature discussed
in the introduction, the advantages of the proposed framework become distinct. Shamsan et al.
[5] and Ishtiaq et al. [14] utilized raw feature concatenation and ensemble CNNs, which
computationally bottlenecked their architectures. Similarly, Ali et al. [7] relied on heavy, black-
box DL models that demand significant GPU memory.In contrast, our comparative study
explicitly proved that raw feature fusion (creating nearly 50,000 parameters) offers negligible
diagnostic gains while massively inflating memory consumption. By isolating the features and
applying PCA, the proposed framework achieved a highly competitive cross-validated accuracy
of 96.43% and a peak fold accuracy of 99.29%, while maintaining an ultra-lightweight footprint
of only 3,969 parameters and an inference speed of 1.02 ms per image. This confirms that the
proposed pipeline is diagnostically robust and superior in terms of deployment feasibility on
resource-constrained clinical hardware.

3.6. Limitations and Future Work

Despite the robust empirical metrics achieved, this study acknowledges several critical
limitations. First, the aggressive dimensionality reduction via PCA carries the inherent risk of
information loss. While it successfully removes high-dimensional noise, it may inadvertently
discard subtle, early-stage pathological features crucial for detecting minute micro-lesions.
Second, the current evaluation is restricted to binary classification (Healthy vs. DR) and was
validated on a relatively small, homogeneous dataset (MESSIDOR). Consequently, the
framework lacks external validation on more heterogeneous, multi-source fundus datasets,
leaving its robustness against clinical domain shifts unverified.

To address these limitations, future research will explore the integration of spatial attention
mechanisms within the deep learning stream. This approach aims to preserve the network's
sensitivity to critical micro-lesions before executing dimensional compression. Furthermore,
expanding the classification head to perform multi-class severity grading is imperative. Most
importantly, the immediate next phase of this research involves a rigorous clinical validation
phase involving multi-scenario testing with ophthalmologists in a hospital environment. This
future external validation is strictly required to ensure the framework meets the clinical standards
for actual medical deployment.

4. Conclusions
This study successfully developed a Comparative Multi-Scenario Framework for

automated Diabetic Retinopathy detection. By explicitly decoupling the extraction of
morphological textures (GLCM) and semantic representations (EfficientNetB3), the framework
avoids the computational pitfalls of raw feature fusion. The application of PCA to compress the
deep semantic space effectively mitigated the curse of dimensionality, yielding a highly optimal
and ultra-lightweight Multi-Layer Perceptron (MLP) classification architecture.

The practical implication of this research provides a highly feasible solution for real-world
medical deployment. By drastically reducing the computational memory footprint and
accelerating inference speed without sacrificing diagnostic sensitivity, the proposed architecture
is exceptionally well-suited for first-line screening on resource-constrained hardware or edge-
computing clinical devices. However, this study explicitly refrains from claiming immediate
clinical readiness. As detailed in the limitations, realizing the framework's full diagnostic potential
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in actual healthcare facilities will require future external validation on heterogeneous datasets and
further algorithmic refinements to ensure absolute reliability in diverse clinical environments.

Ethical Approval and Informed Consent

This research utilized the publicly available MESSIDOR dataset, which has been completely
anonymized and de-identified by the original dataset providers. As this study does not involve
new human subjects, direct clinical interventions, or the use of private medical records,
independent ethical committee approval and informed consent were not required.
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