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Heart Attack Risk Prediction Using Retinal Eye Images
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Abstract:

Cardiovascular diseases (CVDs) are a primary cause of global mortality. Early detection is critical, yet traditional
diagnostic methods are often invasive and expensive. This research presents an automated, non-invasive system for
heart attack risk prediction using retinal fundus images. By applying Convolutional Neural Networks (CNN) and
ResNet architectures, the system identifies microvascular biomarkers associated with cardiac health. Implemented via
a Django web framework, the model provides rapid, high-accuracy risk assessment. Results indicate that this Al-
driven approach offers a scalable solution for early clinical screening, particularly in underserved regions.
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I. INTRODUCTION

The global prevalence of heart disease necessitates the development of accessible screening tools. Traditional
diagnostics like ECG and angiography, while effective, are often reactive and require specialized settings. The human
retina provides a unique, non-invasive "window" into the circulatory system, as retinal vessels share structural
similarities with coronary arteries.

TABLE 1: "System Features of Proposed Model"

Feature Description
Non-Invasive Predicts heart attack risk
Diagnosis without surgical procedures

Uses Al for automatic retinal
image processing
Generates results within
seconds
Deep learning improves

Automated Analysis

Fast Prediction

High Accuracy prediction performance
User Friendly Easy image upload and result
Interface visualization
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Secure Data

. Protects medical information
Handling

Generates prediction reports
automatically

Report Generation

This project, ""Heart Attack Risk Prediction using Retinal Eye Images," utilizes computer vision to detect subtle
vascular changes.

Retinal imaging has emerged as a powerful tool in medical diagnostics due to its ability to provide a direct view of
the human vascular system. Unlike traditional diagnostic methods, retinal imaging is completely non-invasive and can
be performed quickly. The analysis of retinal blood vessels helps in identifying early signs of cardiovascular diseases,
enabling timely intervention.

The integration of artificial intelligence with retinal imaging enhances the capability of detecting complex patterns
that are not easily visible to the human eye. This makes the proposed system highly effective for large-scale screening
and preventive healthcare applications.

II. LITERATURE SURVEY

Current research has shifted from manual clinician-led assessments to automated deep learning. Earlier models
focused on the Arteriole-to-Venule Ratio (AVR) but suffered from low speed and human error. Recent studies using
the DRIVE and STARE datasets have proven that CNNs can identify patterns invisible to the human eye. This paper
builds upon these findings by integrating a high-performance ResNet backend with a user-friendly Django interface
for real-time application.

TABLE 2: Comparison with Existing Systems

Existing Proposed
Parameter
System System
. . . ¢ Retinal
Diagnosis Clinical Irzam:
Method Tests c .
Analysis
Procedure : Non-
Invasive .
Type Invasive
Time
. High L
Required & oW
Cost
Cost E i g
0s XPensive | oo e
Automation | Manual Automated
Earl
ary . Limited Possible
Detection
Accuracy Moderate | High

Despite significant advancements in machine learning-based cardiovascular prediction, most existing systems rely on
structured clinical data such as blood pressure, cholesterol levels, and ECG signals. These approaches often fail to
capture microvascular abnormalities that are visible in retinal images. Additionally, traditional methods require expert
interpretation and lack automation, making them less suitable for large-scale screening. Deep learning-based
approaches have improved prediction accuracy; however, many models lack real-time processing capability and user-
friendly deployment.
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Research Gap:

Although previous studies have demonstrated the potential of retinal imaging for cardiovascular risk prediction, there
is still a lack of fully automated, real-time, and scalable systems that integrate deep learning models with user-friendly
interfaces. Most existing solutions do not provide rapid prediction results or are not optimized for practical deployment
in healthcare environments. This creates a need for an intelligent system that combines accuracy, speed, and
accessibility.

Contribution of Proposed Work:

The proposed system addresses these limitations by developing an automated heart attack risk prediction model using
retinal images and deep learning techniques. The integration of CNN and ResNet architectures enables efficient feature
extraction and accurate classification. Furthermore, the system is implemented using a Django-based web interface,
allowing real-time prediction and easy accessibility for healthcare professionals. This approach enhances early
detection and supports large-scale preventive healthcare applications.
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Fig 1: Relationship between Retinal Vascular Features and Cardiovascular Risk

The diagram illustrates how retinal blood vessel patterns reflect overall cardiovascular health, enabling non-invasive
risk prediction.

III. PROPOSED METHODOLOGY

The proposed system follows a modular pipeline to ensure high accuracy and reliability.

3.1 Image Acquisition & Pre-processing Raw images are often noisy or unevenly lit. We use OpenCV for:
1. Grayscale Conversion: To simplify data.
2. Gaussian Blurring: To remove background noise.
3. Histogram Equalization: To make blood vessels stand out clearly against the retina.

3.2 Feature Extraction via CNN and ResNet We employ a Convolutional Neural Network (CNN) to extract spatial
features. Specifically, ResNet is used to handle deep layers without losing information (the "vanishing gradient”
problem). This allows the model to "see" extremely fine details in the vessel branching.

3.3 Classification The final output layer uses a Softmax function to categorize the patient’s state as ""High Risk" or
"Low Risk."
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FIGURE 2: System Workflow Diagram

Fig 2 illustrates the overall workflow of the proposed system. The process begins with problem identification and
selection of an appropriate retinal image dataset. The collected images undergo preprocessing to enhance quality and
remove noise. Following this, suitable deep learning algorithms such as CNN and ResNet are selected for feature
extraction and classification. The model is then trained using labeled datasets, and parameter tuning is performed to
optimize performance. During evaluation, the model's accuracy and loss are analyzed to determine its effectiveness.
If the performance is satisfactory, the trained model is used as a classifier to predict heart attack risk; otherwise, the
process is repeated for further optimization.

The iterative training and evaluation process ensures that the model achieves optimal performance while minimizing
overfitting and improving generalization capability.

This workflow demonstrates a systematic approach to developing an intelligent prediction system, integrating data
preprocessing, deep learning, and performance evaluation into a unified pipeline.

IV. SYSTEM DESIGN AND IMPLEMENTATION
The system is built on the Model-View-Template (MVT) architecture:
e  Model: Manages the database of images and predictions.
e View: Contains the logic for processing the CNN model.
o Template: Provides the user interface for doctors to upload images.

The Model-View-Template (MVT) architecture ensures a clear separation of concerns, improving system
maintainability and scalability. The model component securely stores retinal images, user data, and prediction results
in the database. The view component acts as the processing layer, where uploaded images are passed through
preprocessing steps and deep learning models for prediction. The template component provides an intuitive user
interface that allows medical professionals to upload retinal images and view prediction results efficiently. This
structured architecture enhances system performance and simplifies integration with healthcare platforms. The system
operates in a sequential manner where the user uploads a retinal image through the interface. The image is then
processed in the backend using OpenCV techniques such as resizing and normalization. The processed image is fed
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into the trained CNN-ResNet model, which extracts relevant vascular features and performs classification. The final
prediction result is displayed to the user along with probability scores, enabling quick and informed decision-making.

Django Template SXENK

SIDE

Django

Fig 3: MVT Architecture of the Proposed System

The integration of deep learning models within the MVT framework allows seamless communication between
frontend and backend components.

Table 3: System Requirements

Component Specification
Processor Intel i5 /17
RAM 8 GB or higher
Storage 256 GB SSD
Operating System | Windows / Linux
freemios | pyt
Frameworks I'l;eerrlznglow,

- - I(\)Igrerrllfgy\,/,}’andas
Web Framework Django

The above system requirements ensure efficient execution of deep learning algorithms and real-time prediction. The
use of optimized frameworks enables high performance and scalability in healthcare applications.

V. RESULTS AND PERFORMANCE ANALYSIS

The system was tested using standard medical imaging datasets. The model demonstrates high sensitivity in detecting
vascular narrowing. Unlike traditional manual methods, our automated system provides a result in under 5 seconds,
significantly reducing the diagnostic wait time.
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Fig 4: Sample Result

Fig 4 illustrates sample prediction outputs of the proposed system. The model correctly classifies retinal images into
normal and hypertensive categories. The predictions demonstrate the system’s ability to identify subtle vascular
patterns associated with cardiovascular risk.

To evaluate the performance of the proposed model, several metrics were used, including accuracy, precision, recall,
and AUC score. The model achieved an overall accuracy of 91.2%, with precision and recall values of 89.5% and
90.3%, respectively. The AUC score of 0.93 indicates strong classification capability.
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Fig 5: Model Loss vs Epoch Graph

The loss graph illustrates the variation of training and validation loss over multiple epochs. Initially, the loss decreases
rapidly, indicating effective learning by the model. As training progresses, both curves stabilize, showing convergence
of the model. The close alignment between training and validation loss suggests minimal overfitting and good

generalization capability.

Model Accuracy
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Fig 6: Model Accuracy vs Epoch Graph

The accuracy graph shows the improvement of training and validation accuracy over successive epochs. The gradual
increase in accuracy indicates that the model is effectively learning relevant features from retinal images. The
similarity between training and validation accuracy curves confirms that the model performs consistently on unseen

data.
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The training and validation curves (Fig 5 and Fig 6) demonstrate stable learning behavior and effective model
convergence. The absence of significant divergence between the curves indicates that the model is not overfitting and
maintains good generalization performance.

These results validate the effectiveness of the CNN-ResNet architecture in capturing complex retinal vascular patterns
for accurate cardiovascular risk prediction.

The experimental results indicate that the proposed model achieves consistent performance across training and
validation datasets. The gradual reduction in loss and steady improvement in accuracy demonstrate the model’s ability
to learn meaningful patterns from retinal images.

The use of deep learning techniques enables the system to capture subtle vascular features that are often difficult to
detect through manual observation, thereby improving prediction reliability.

VI. CYBERSECURITY AND DATA PRIVACY

Given the sensitivity of medical records, the system incorporates:
1. User Authentication: Only authorized medical staff can log in.
2. Data Integrity: Secure storage of retinal images.

3. Privacy: Hashing and encryption are used to protect patient identities.

In addition to these measures, the system ensures secure communication between the user interface and backend server
through encrypted data transmission protocols. This prevents unauthorized interception of sensitive medical data
during image upload and prediction processes.

The application also incorporates input validation and access control mechanisms to prevent malicious activities such
as unauthorized data access and invalid file uploads. These safeguards help maintain system integrity and ensure
reliable operation in real-time healthcare environments.

Furthermore, patient data is handled with strict confidentiality by minimizing the storage of personally identifiable
information and applying anonymization techniques wherever possible. These practices ensure compliance with
healthcare data protection standards and make the system suitable for deployment in clinical settings.

Overall, the integration of security and privacy mechanisms ensures that the system is safe, trustworthy, and capable
of handling sensitive medical data effectively.

The system also includes activity logging and monitoring mechanisms to track user interactions and system operations.
These logs help in identifying suspicious activities and enable timely response to potential security threats.

During deployment, the system is designed to operate within a secure environment using protected servers and
controlled access policies. Scalable security measures are implemented to support multiple users without
compromising data safety. This ensures that the system can be safely expanded for large-scale.

VII. CONCLUSION AND FUTURE SCOPE

This research proves that retinal imaging is a viable, non-invasive alternative for heart attack prediction. The
integration of Al with web technology makes this tool highly accessible for rural healthcare centers.

Future Scope:

e JoT Integration: Connecting to portable eye-scanning cameras.
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e  Cloud Scalability: Using AWS/Google Cloud for global data access.

e  Multi-disease detection: Expanding to detect Diabetes and Hypertension.

The proposed system successfully demonstrates the application of deep learning techniques, particularly CNN and
ResNet architectures, in analyzing retinal images for cardiovascular risk prediction. By automating the entire process
from image preprocessing to classification, the system reduces dependency on manual diagnosis and improves
efficiency in healthcare screening.

Furthermore, the proposed solution is scalable and adaptable to various healthcare infrastructures. It can be integrated
with existing medical systems and deployed in hospitals, diagnostic centers, and telemedicine platforms.

The non-invasive nature of retinal imaging combined with artificial intelligence makes this approach highly effective
for early detection of heart-related conditions. The system can significantly contribute to preventive healthcare by
enabling timely medical intervention and reducing the risk of severe complications. Its ability to provide rapid and
accurate results makes it suitable for both clinical and remote healthcare environments.

In addition, the proposed system opens opportunities for further research in integrating explainable artificial
intelligence (XAI) techniques to provide visual insights into model predictions. This would enhance transparency and
help medical professionals better understand the decision-making process of the model.

Overall, the research highlights the potential of combining medical imaging with artificial intelligence to develop
intelligent, efficient, and accessible healthcare solutions for the future.
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