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ABSTRACT

Diabetic Retinopathy and Diabetic Macular Edema are severe retinal complications affecting millions worldwide, especially
within the diabetic population. These conditions, if left untreated, can lead to significant vision impairment and even
blindness, emphasizing the importance of early and accurate diagnosis. Traditional diagnostic methods, typically reliant on
manual inspection of retinal images, are time-consuming, resource-intensive, and susceptible to subjective variability,
highlighting a critical need for automated and precise diagnostic solutions.

This research article introduces the Retinopathy Diagnostic Algorithm (RDA), an integrated machine learning and deep
learning framework designed to enhance the accuracy and efficiency of DR and DME diagnosis. RDA effectively combines
robust feature extraction with sophisticated pattern recognition capabilities, enabling the precise classification and
identification of retinal anomalies indicative of DR and DME. The proposed algorithm utilizes a hybrid approach where deep
convolutional neural networks (CNNSs) perform initial feature extraction, followed by classification using a machine learning
model optimized for medical image analysis.

Experimental results demonstrate the superior diagnostic accuracy of RDA compared to traditional standalone ML or DL
models. Key performance metrics indicate that RDA not only improves diagnostic accuracy but also increases sensitivity
and specificity, critical measures in clinical diagnostics. The RDA framework shows promise in reducing diagnostic errors
and supporting early detection, ultimately contributing to improved patient outcomes. This research underscores the potential
of integrated ML-DL approaches in advancing automated diagnostics and provides a scalable, clinically applicable solution
for DR and DME detection.

Keywords: Retinopathy Diagnostic Algorithm, Machine Learning, Deep Learning, Automated Diagnosis, Convolutional
Neural Networks, Medical Imaging

1. INTRODUCTION

Diabetic Retinopathy and Diabetic Macular Edema are common complications of diabetes and are leading causes of vision
impairment and blindness among adults. These retinal conditions can develop without noticeable symptoms in the early
stages, making timely diagnosis essential to prevent irreversible damage. The global increase in diabetes prevalence has led
to a corresponding rise in DR and DME cases, underscoring the urgent need for accessible and accurate screening methods.

Traditional methods for diagnosing DR and DME rely heavily on manual inspection of retinal images, performed by
specialists who examine detailed patterns and anomalies within retinal structures. While effective, these methods present
several challenges. The process is time-consuming, costly, and prone to subjective variability, as it depends on the experience
and skill of the examiner. Moreover, the increasing incidence of DR and DME places a strain on healthcare resources,
creating a demand for automated, efficient, and accurate diagnostic solutions that can operate on a large scale. Addressing
these challenges is critical to improving early detection rates, minimizing diagnostic delays, and enhancing patient outcomes.
Deep learning models excel at image-based tasks by extracting and analyzing intricate features within retinal images,
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while ML classifiers can enhance interpretability and improve overall diagnostic performance. By integrating ML and DL,
an effective diagnostic framework can be developed that combines the strengths of both approaches, offering a scalable
solution for DR and DME detection.

This research article introduces the Retinopathy Diagnostic Algorithm (RDA), a hybrid framework that integrates ML and
DL techniques to achieve highly accurate and reliable diagnosis of DR and DME. The primary goal of RDA is to improve
diagnostic accuracy while ensuring clinical applicability, offering a solution that can be effectively deployed in real-world
healthcare settings. By leveraging CNNs for feature extraction and ML classifiers for robust classification, RDA seeks to
provide a practical and efficient alternative to traditional diagnostic methods.

2. RELATED WORK

Research on automated detection of Diabetic Retinopathy and Diabetic Macular Edema has progressed significantly, with
machine learning and deep learning techniques gaining attention for their ability to enhance diagnostic accuracy and
scalability. Early ML approaches for DR and DME detection often relied on traditional classifiers, using handcrafted features
extracted from retinal images. These approaches are effective for small datasets but often fail to capture the nuanced and
complex patterns characteristic of DR and DME, limiting their scalability in real-world settings.

CNNs have proven particularly useful for medical imaging due to their strong spatial feature extraction capabilities, while
ResNet and DenseNet architectures address issues like vanishing gradients and overfitting, enabling deeper layers to capture
more complex representations. However, while deep learning models generally outperform traditional ML classifiers, they
are computationally intensive. Recent studies have also explored hybrid models, such as CNN-SVM and CNN with Gradient
Boosting, combining CNN’s feature extraction strengths with the effective classification capabilities. Hybrid approaches
attempt to leverage the advantages of both ML and DL models, providing better accuracy and interpretability. Nevertheless,
these models still face challenges in balancing computational efficiency and diagnostic precision, particularly for large-scale
clinical deployment.

To evaluate each algorithm’s effectiveness, metrics such as accuracy, sensitivity, and specificity are commonly used. These
measures help assess the algorithms' strengths and limitations in identifying and classifying retinal abnormalities accurately.
Below is a comparison table showcasing these metrics across various models.

Algorithm Type Feature Extraction | Classifier Dataset Requirements

Support Vector Machine | Machine Handcrafted features | SVM Small to moderate-sized
Learning datasets

Random Forest Machine Handcrafted features | Decision ~ Trees | Small to moderate-sized
Learning Ensemble datasets

k-Nearest Neighbors Machine Distance-based k-Nearest Limited data, requires
Learning features Neighbor tuning

Convolutional Neural | Deep Automatic (CNN | CNN layers Large-scale,  high-quality

Network Learning layers) datasets

ResNet Deep Automatic (Residual | Deep residual | High-resolution, large
Learning blocks) network datasets

DenseNet Deep Automatic  (Dense | Densely Large datasets, high
Learning layers) connected layers computational cost

Table 2.1. Key Algorithms for DR and DME Detection

Despite these advancements, existing methods present several limitations. Machine learning classifiers such as SVM, RF,
and k-NN rely on manually extracted features, which are time-consuming and may miss important patterns. Conversely,
deep learning models like CNN, ResNet, and DenseNet, though highly accurate, require large labeled datasets and substantial
computational resources, making them less accessible for clinics with limited data or processing capacity. Hybrid approaches,
such as CNN-SVM and CNN with Gradient Boosting, improve performance but add complexity, particularly in parameter
tuning and data preprocessing.

The limitations of standalone ML or DL models highlight the need for an integrated solution that combines ML’s
interpretability with DL’s feature extraction capabilities. The Retinopathy Diagnostic Algorithm (RDA) is proposed as a
solution to address these challenges, offering a balanced approach that enhances diagnostic accuracy, reduces processing
complexity, and provides a scalable framework suitable for large-scale clinical use.
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Algorithm Accuracy Sensitivity Specificity Limitations
(%) (%) (%)

Support Vector Machine | 85.2 81.5 83.3 Limited in handling complex patterns

Random Forest 87.4 84.2 85.7 Can overfit with high-dimensional data

k-Nearest Neighbors 82.5 80.3 82.0 Computationally intensive for large
datasets

Convolutional Neural | 91.5 89.0 90.3 Requires large datasets and

Network computational power

ResNet 93.6 91.8 92.5 High training time, risk of overfitting
without tuning

DenseNet 94.1 92.3 93.0 Computationally expensive, high
memory requirements

CNN-SVM 921 90.7 91.0 Complexity in tuning both CNN and
SVM parameters

CNN + Gradient | 92.7 91.0 91.6 Computationally intensive, requires large

Boosting datasets

Table 2.2. Performance Comparison of Algorithms in DR and DME Detection

3. PROPOSED METHODOLOGY

RDA integrates machine learning and deep learning techniques to capitalize on both methods' strengths, combining the
interpretability and robustness of ML with the feature extraction power of DL. The primary objective of RDA is to automate
the detection of retinal anomalies, reducing dependency on manual examination and making high-precision diagnostics
accessible at scale.

RDA leverages CNN layers for feature extraction, where each layer captures hierarchical patterns in the retinal images, such
as textures, edges, and microaneurysms indicative of DR and DME. The CNN model processes the input images and extracts
feature maps for refined classification.

The feature extraction process in CNNs can be mathematically expressed as:
Feature Map = f(W - Image + b)

where:

f is the activation function,

W represents the weights of the convolution filters,

b is the bias term, and

- denotes the convolution operation.

RDA employs a two-stage model design. In the first stage, CNNs extract relevant features from the retinal images, capturing
complex spatial hierarchies. The output is flattened and fed into an ML classifier—such as SVM or Random Forest—which
performs the final classification into DR or DME categories. This hybrid approach enables RDA to handle high-dimensional
data effectively, with CNNSs excelling at feature extraction and the ML classifier providing stable and interpretable decision
boundaries.

The Retinopathy Diagnostic Algorithm (RDA) framework is designed to assist in the detection and diagnosis of Diabetic
Retinopathy and Diabetic Macular Edema by leveraging advanced machine learning and deep learning techniques. This
framework combines image preprocessing, feature extraction, ML classification, and post-processing into a cohesive system
architecture. The flow diagram of RDA’s system architecture outlines the stages in a streamlined process, beginning with
image input and concluding with a ready-for-use diagnostic output. Each step within the architecture plays a critical role in
ensuring accuracy, efficiency, and clinical applicability of the results.

1. Input Layer: Retinal Image Preprocessing and Standardization

The process begins with the Input Layer, where retinal images are fed into the system. These images are sourced from
diagnostic imaging devices and may contain various artifacts or inconsistencies. Consequently, preprocessing and
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standardization are crucial to enhance the quality of the images and maintain consistency. Contrast adjustment might also be
applied to enhance image clarity, enabling the algorithm to identify subtle features indicative of DR and DME.

In RDA, preprocessing prepares the input images for subsequent analysis, aiming to provide a clean and consistent dataset.
By ensuring that all images are processed uniformly, this layer helps to standardize the inputs, thus increasing the reliability
of the feature extraction and classification steps. Preprocessing also mitigates variations between images, which is essential
when dealing with medical data that may come from different imaging sources.

2. CNN Feature Extraction: Hierarchical Feature Representation

Following preprocessing, the images enter the CNN Feature Extraction layer, where a Convolutional Neural Network (CNN)
extracts hierarchical feature representations from each image. CNN applies multiple layers of convolutions, pooling, and
activation functions, gradually learning to recognize features ranging from simple edges to complex textures and shapes
within the retinal images.

The CNN’s hierarchical structure allows it to capture features relevant to DR and DME at different levels of abstraction. In
the early layers, the CNN identifies low-level features like edges and textures, which are essential for detecting boundaries
and shapes within the retina. As the image passes through deeper layers of the network, the CNN learns more complex and
abstract features that might be associated with abnormalities indicative of DR and DME, such as hemorrhages,
microaneurysms, and other pathological changes within the retina.

By extracting these hierarchical features, the CNN enables the RDA framework to detect specific visual.

1. Input Layer: Preprocess Retinal Images

h 4

2. CNN Feature Extraction: Hierarchical Feature
Extraction

3. Flattening and Transformation

4. ML Classification: SYM/Random Forest

5. Post-Processing: Final QOutput

3. Flattening and Transformation: Preparing Features for Classification

Once the CNN has extracted features from the images, the data proceeds to the Flattening and Transformation layer.
Flattening is an essential process that transforms the multi-dimensional feature maps into a format compatible with traditional
ML classifiers, which require input in vector form. After flattening, the transformed features may undergo additional
processing to enhance their suitability for classification. For instance, techniques like normalization or dimensionality
reduction can be applied to ensure that the features are optimized for input into an ML classifier. This transformation step
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maintains the essential information captured by the CNN while preparing it for classification in the next layer. The flattened
and transformed feature vector provides a compact representation of the retinal images, summarizing the most relevant
characteristics identified by the CNN.

4. ML Classification: Categorizing Images with SVM or Random Forest

Following feature transformation, the processed data is fed into the ML Classification layer. Here, the extracted features are
classified into categories such as ‘DR,” ‘DME,’ or ‘Healthy.’ This classification step employs traditional ML classifiers, such
as Support Vector Machines or Random Forest, both of which are known for their robustness and versatility in handling
complex classification tasks.

The ML Classification layer is critical in the RDA framework as it assigns diagnostic labels to each image, effectively
distinguishing between different conditions. By using robust classifiers like SVM and Random Forest, RDA ensures a high
level of accuracy in diagnosing DR and DME, enabling clinicians to make informed decisions based on the classification
results.

5. Post-Processing: Aggregating and Presenting Results

The final stage in the RDA system architecture is Post-Processing, where the classification results are aggregated and
prepared for presentation. In this layer, the outputs from the ML classifier are compiled, analyzed, and formatted to provide
a user-friendly diagnostic result. The output includes the predicted category (e.g., DR, DME, or Healthy) for each image,
along with confidence scores or other relevant metrics that offer insights into the certainty of the prediction.

Post-processing is an essential step in ensuring that the RDA framework’s results are suitable for clinical interpretation. By
presenting the classification results in a clear and understandable format, this layer facilitates the integration of RDA into
clinical workflows. Clinicians can quickly review the output to make informed diagnostic decisions or plan further
investigations based on the results provided by the framework.

The post-processing stage also allows for additional quality checks to ensure that the results meet clinical standards. If
necessary, post-processing algorithms can be employed to flag cases that may require further analysis or to provide insights
into the reliability of the predictions. By focusing on usability and interpretability, post-processing enhances the practical
value of the RDA framework, making it a valuable tool for automated DR and DME diagnosis.

The RDA system architecture represents a comprehensive approach to the automated detection and diagnosis of DR and
DME in a streamlined workflow. Each layer in the architecture is designed to maximize the accuracy and reliability of the
diagnostic results, addressing common challenges in medical image analysis, such as data variability, feature extraction
complexity, and classification accuracy.

This structured approach allows RDA to provide high-quality diagnostic outputs that can assist clinicians in identifying DR
and DME with greater efficiency and precision. The clinical relevance of RDA lies in its ability to provide an automated
solution for DR and DME detection, reducing the burden on healthcare providers and improving diagnostic accessibility for
patients. The framework’s standardized workflow ensures that each stage of the process is optimized for accuracy and
consistency, leading to reliable outputs that can support clinical decision-making. Furthermore, RDA’s modular architecture
allows for future modifications and enhancements, ensuring that the framework remains adaptable to evolving clinical needs
and technological advancements.

While the RDA framework demonstrates significant potential in diagnosing DR and DME, there are opportunities for further
enhancement. Future work could explore the integration of additional image processing techniques in the preprocessing stage
to improve artifact removal and contrast adjustment. Additionally, incorporating more advanced CNN architectures, such as
ResNet or DenseNet, could enhance the framework’s feature extraction capabilities, allowing it to capture even finer details
within retinal images.

In the classification layer, ensemble methods that combine multiple classifiers could be investigated to further improve
diagnostic accuracy. Techniques such as stacking or blending could be employed to aggregate predictions from different
classifiers, leading to a more robust final decision. Furthermore, incorporating real-time processing capabilities would enable
RDA to function in telemedicine applications, allowing for remote diagnosis and improving accessibility to diagnostic
services for patients in underserved regions.

The RDA framework presents a valuable approach to automated DR and DME diagnosis, combining image preprocessing,
feature extraction, ML classification, and post-processing in a unified architecture. Each stage in the process is designed to
enhance diagnostic accuracy and ensure that the results are suitable for clinical interpretation. As technology continues to
advance, RDA has the potential to evolve into a versatile tool for supporting healthcare providers and improving patient
outcomes in retinal disease management.

The following pseudocode outlines the steps for the RDA algorithm, from data preprocessing through classification and post-
processing.
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Input: Retinal Images Dataset

Output: Classified Labels (DR, DME, Healthy)

# Step 1: Data Preprocessing

for image in dataset:
image = resize(image, (224, 224))  # Resize to uniform dimensions
image = normalize(image) # Normalize pixel values
augmented_images = augment(image)  # Apply augmentations

# Step 2: Feature Extraction using CNN

cnn_features =[]

for img in augmented_images:
feature_map = CNN(img) # Extract features using CNN layers
cnn_features.append(flatten(feature_map))

# Step 3: Classification using ML Classifier (e.g., SVM)

svm_classifier = train_SVM(cnn_features, labels) # Train SVM on extracted features

# Step 4: Predict on New Images

for test_image in test_images:
preprocessed_image = preprocess(test_image) # Resize and normalize
features = flatten(CNN(preprocessed_image)) # Extract features
prediction = svm_classifier.predict(features) # Classify using SVM
output.append(prediction)

# Step 5: Post-Processing and Output

return output # Return classification results
Table 3.1. RDA Algorithm Pseudocode

In this framework, each component of the RDA pipeline—from preprocessing and feature extraction to classification—plays
a crucial role in achieving accurate and efficient DR and DME diagnosis. The hybrid ML-DL approach balances complexity
with interpretability, making RDA suitable for large-scale, high-accuracy clinical applications.

4. EXPERIMENTAL SETUP AND RESULTS

The Retinopathy Diagnostic Algorithm (RDA) was evaluated using retinal image datasets from publicly available sources,
including the Kaggle Diabetic Retinopathy dataset and the Messidor-2 database. The Kaggle dataset contains over 35,000
retinal images categorized into four classes based on DR severity: no DR, mild, moderate, and severe. The Messidor-2
database includes around 1,200 images, each labeled for DR presence and severity. To streamline classification for this study,
images were relabeled into three categories: ‘Healthy,” ‘DR, and ‘DME,’ focusing on clinical relevance and practical
applicability for real-world diagnostic use.

The RDA framework was developed using Python, incorporating widely used machine learning and deep learning libraries,
such as TensorFlow and scikit-learn. For image preprocessing and data augmentation, OpenCV and the image processing
tools within Keras were utilized. All experiments were performed in a high-performance computing environment, which
included an NVIDIA Tesla GPU with 16 GB of memory and 64 GB of RAM to manage large datasets and facilitate the
efficient training of complex deep learning models.

The dataset was partitioned into subsets for training, validation, and testing, allocated as 70% for training, 15% for validation,
and 15% for testing. To enhance model stability and reduce overfitting risks, a 5-fold cross-validation approach was
implemented. This method involved training and validating the model across five distinct folds, providing a comprehensive
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assessment of its performance.

This technique ensures that each fold of the data is used for validation once, providing a reliable estimate of the model's
generalizability. Additionally, data augmentation techniques, including rotations, flips, and zoom transformations, were
applied to the training data. This experimental setup ensures a comprehensive evaluation of the RDA framework,
demonstrating its potential for accurate and reliable detection of DR and DME across diverse retinal images, thereby
establishing its applicability for clinical use.

The results indicated that RDA consistently outperformed other models across all metrics, particularly excelling in sensitivity
and balanced accuracy. Compared to standalone CNN and ResNet models, RDA demonstrated improved interpretability and
stability due to its hybrid structure, effectively addressing the complexities of DR and DME classification. The tables and
charts below highlight these performance gains.

Figure 4.1 illustrates the accuracy levels of five algorithms used in the study: Each bar represents the percentage accuracy
achieved by the respective algorithm in identifying and classifying retinal conditions, specifically Diabetic Retinopathy (DR)
and Diabetic Macular Edema (DME). RDA achieves the highest accuracy at 95%, outperforming traditional machine learning
models such as SVM (85%) and Random Forest (87%). Additionally, RDA slightly outperforms deep learning models like
CNN and ResNet, which have accuracies of 91% and 93%, respectively. The values are displayed at the top of each bar to
provide immediate clarity on each algorithm's performance.

This visualization underscores RDA’s effectiveness as a diagnostic tool. By combining machine learning’s interpretability
and deep learning’s feature extraction capabilities, RDA exhibits a significant improvement in accuracy over individual
models. The y-axis limits are set to range from 0 to 1 to allow for a more intuitive reading of accuracy as a percentage. The
color scheme further differentiates each bar, enhancing the visual distinction among algorithms.

This comparison confirms the potential of RDA to provide a more reliable and accurate diagnostic approach for DR and
DME, emphasizing its clinical relevance for automated retinal analysis.
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Figure 4.1. Accuracy Comparison

Figure 4.2 illustrates the sensitivity performance of five different algorithms: Sensitivity, also known as recall, measures
each algorithm's ability to correctly identify positive cases. RDA achieves the highest sensitivity at 94%, indicating its
effectiveness in detecting true positive cases. Following RDA, ResNet and CNN exhibit sensitivities of 92% and 90%,
respectively, showcasing the high sensitivity. SVM and Random Forest show lower sensitivity scores of 82% and 84%,
respectively, highlighting the limitation of these approaches in identifying all positive cases accurately.

The consistently high sensitivity of RDA reflects its ability to effectively capture the features of DR and DME, making it a
strong candidate for clinical applications in automated retinal analysis.
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Figure 4.2. Sensitivity Comparison

Figure 4.3 illustrates the specificity of five algorithms—  Specificity measures the ability of each algorithm to correctly
identify negative cases (i.e., those without Diabetic Retinopathyor Diabetic Macular Edema. High specificity is crucial in
minimizing false positives, ensuring that healthy individuals are not misdiagnosed with DR or DME.

RDA achieves the highest specificity at 96%, underscoring its strong capacity to accurately classify non-affected cases.
Following RDA, ResNet and CNN exhibit specificities of 94% and 92%, respectively, highlighting the effectiveness of deep
learning models in achieving high specificity. SVM and Random Forest show lower specificities of 86% and 88%,
respectively, suggesting that they may be more prone to false positives compared to RDA and deep learning models.

Figure 4.4: Balanced Accuracy Comparison of Algorithms illustrates the balanced accuracy of five different algorithms:
Balanced accuracy is an important metric in evaluating classification performance, particularly for imbalanced datasets, as
it calculates the average of sensitivity and specificity. This metric provides a more balanced view of an algorithm's ability to
correctly classify both positive and negative cases.

RDA achieves the highest balanced accuracy at 95%, demonstrating its robustness in handling both DR and DME cases as
well as healthy cases. Deep learning models such as ResNet and CNN follow with balanced accuracies of 92% and 91%,
respectively, showcasing the strength of these models in capturing intricate patterns in retinal images. SVM and Random
Forest, with balanced accuracies of 84% and 86%, respectively, show comparatively lower performance, indicating that
traditional machine learning models may be less effective in maintaining accuracy across both classes.
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Figure 4.3. Specificity Comparison

Journal of Neonatal Surgery | Year: 2025 | Volume: 14 | Issue 5
pg- 135



Kundan Baddur, Dr. Pushpa Sangaralingam

0.95

Balanced Accuracy
o
©

0.85

0.8

Algorithms
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Figure 4.5 shows the Matthews Correlation Coefficient (MCC) scores of five algorithms: RDA achieves an MCC of 0.90,
reflecting its robust classification capability and its effectiveness in handling both DR and DME cases. CNN and ResNet
also demonstrate high MCC values of 0.88 and 0.89, respectively, showing the strong predictive power of deep learning
models in medical imaging. SVM and Random Forest, with MCC values of 0.78 and 0.80, respectively, indicate
comparatively lower performance, suggesting that traditional ML models may have limitations in balancing true and false
predictions in this context. This visualization highlights RDA's advantage in achieving a high MCC, which emphasizes its
reliability and balanced performance across different classes, making it well-suited for clinical diagnostic applications.
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Figure 4.5. MCC Comparison

Figure 4.5 compares the Matthews Correlation Coefficient (MCC) values of five algorithms: MCC is a crucial metric for
classification, especially with imbalanced data, as it considers both correct and incorrect predictions across classes, offering

a balanced perspective on performance.
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RDA achieves an MCC of 0.90, indicating superior performance in balancing true and false predictions for DR and DME
classification. In contrast, traditional ML models like SVM and Random Forest show lower MCC scores of 0.78 and 0.80,
suggesting limited performance in balancing classification accuracy across classes.

Figure 4.6 displays the Jaccard Index, also known as Intersection over Union (loU), for five algorithms: The Jaccard Index
is a similarity measure that evaluates the overlap between predicted and actual positive cases, providing insight into each
algorithm’s precision in classifying instances of Diabetic Retinopathy and Diabetic Macular Edema. Higher values indicate
better performance, with a score of 1 representing complete overlap. ResNet and CNN closely follow, with Jaccard scores
of 0.87 and 0.86, respectively, showcasing the effectiveness of deep learning models in achieving high overlap with ground
truth data. On the other hand, traditional models such as SVM and Random Forest have lower Jaccard scores, at 0.76 and
0.78, reflecting their relatively lower accuracy in capturing true positive cases.
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Figure 4.6. Jaccard Index Comparison
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Figure 4.7: Cohen’s Kappa Comparison of Algorithms presents a line chart comparing the Cohen’s Kappa values of five
algorithms: A higher Kappa value indicates greater reliability and consistency in classification performance, with a
maximum value of 1 representing perfect agreement.

RDA achieves the highest Cohen’s Kappa at 0.88, reflecting its robustness and consistency in classifying cases of Diabetic
Retinopathy and Diabetic Macular Edema. Deep learning models like ResNet and CNN follow closely, with Kappa values
of 0.86 and 0.85, respectively, indicating their reliable performance in medical image classification. On the other hand,
traditional ML models such as SVM and Random Forest show comparatively lower Kappa values, at 0.75 and 0.77,
respectively, suggesting reduced consistency and increased likelihood of misclassification. This visualization highlights
RDA’s superior performance in achieving high agreement with true labels, which is essential for diagnostic reliability in
clinical applications.
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Figure 4.8. FMI Comparison

Figure 4.8: Fowlkes-Mallows Index (FMI) Comparison of Algorithms displays the Fowlkes-Mallows Index (FMI) values
for five algorithms: FMI is a measure of cluster similarity between predicted and true classes, calculated as the geometric
mean of precision and recall. Higher FMI values indicate a stronger ability to correctly classify positive cases while reducing
false positives, which is critical for accurate diagnosis in medical applications.

RDA achieves the highest FMI at 0.91, demonstrating its strong capability to balance precision and recall for reliable
classification of Diabetic Retinopathy and Diabetic Macular Edema. ResNet and CNN follow closely with FMI values of
0.90 and 0.89, respectively, showing the effectiveness of deep learning models in maintaining high classification consistency.
SVM and Random Forest show lower FMI scores at 0.79 and 0.82, indicating their reduced effectiveness in achieving
balanced precision and recall compared to RDA and deep learning models. This visualization highlights RDA’s superior
performance in obtaining a high FMI, making it a robust choice for clinical diagnostics where accurate and balanced
classification is essential for reliable patient outcomes.

The results demonstrated that RDA outperforms traditional algorithms in detecting DR and DME, particularly in sensitivity
and balanced accuracy, critical for early diagnosis and intervention. Compared to SVM and Random Forest, RDA achieved
higher MCC and FMI, indicating more reliable performance on imbalanced datasets. The hybrid model’s combination of
CNN feature extraction with ML classification proved effective in capturing nuanced retinal patterns, which standalone
models like SVM could not detect.

RDA’s high Jaccard Index and Cohen’s Kappa suggest superior agreement with ground truth labels, reducing false positives
and negatives. These improvements highlight RDA’s potential as a clinically viable tool, capable of delivering robust results
under varied data conditions, thereby addressing the scalability and reliability gaps left by previous methods.

For further illustration, RDA’s outputs on sample retinal images can be visualized to show specific areas of the retina
identified as indicative of DR or DME. These outputs underscore the algorithm’s ability to capture and focus on critical
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regions, aiding in clinical interpretability.

5. CONCLUSION AND FUTURE WORK

This research article presented the Retinopathy Diagnostic Algorithm (RDA), an integrated machine learning and deep
learning framework developed to improve the accuracy and reliability of diagnosing Diabetic Retinopathy and Diabetic
Macular Edema. Through extensive experimentation and performance comparisons with established algorithms like SVM,
Random Forest, CNN, and ResNet, RDA demonstrated superior results in key metrics such as accuracy, sensitivity,
specificity, and the Fowlkes-Mallows Index. The combination of CNN-based feature extraction with a robust ML classifier
enabled RDA to achieve a balanced diagnostic performance, effectively minimizing false positives and negatives. These
strengths underscore RDA’s potential as a valuable clinical tool for automated retinal analysis, addressing gaps in traditional
methods and supporting early intervention for DR and DME.

Building on the success of RDA, future research could focus on further enhancing its capabilities and expanding its
applications. One potential direction is the integration of transfer learning to enable RDA to generalize across diverse retinal
image datasets from different demographics and medical facilities. Additionally, exploring unsupervised learning techniques
may allow RDA to identify novel retinal features related to early DR and DME detection. Another avenue for future work
involves embedding RDA in telemedicine platforms and mobile applications to enable remote, accessible screening for
patients in underserved regions. The integration of blockchain for secure data handling and federated learning for privacy-
preserving model training could also enhance RDA’s deployment in real-world clinical settings, enabling collaboration
across institutions while maintaining data security.
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