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Abstract: Conventional risk assessment methods often depend on fixed, limited data and fail to
sufficiently consider the ever-changing nature of CAD development. Our recommended approach
utilizes metaheuristic techniques such as genetic algorithms and particle swarm optimization to
optimize the feature selection and model hyperparameters. By using this dynamic approach, the
accuracy of forecasts is improved, and it also enables the identification of significant risk factors that
could otherwise be overlooked. We use a substantial cohort of individuals diagnosed with coronary
artery disease (CAD), including diverse demographic, clinical, and genetic information. We compare
the effectiveness of models enhanced by metaheuristics with that of conventional machine learning
approaches.  The results demonstrate a significant improvement in the precision of CAD risk
prediction, as the upgraded models consistently outperform their traditional counterparts.
Furthermore, our approach illuminates unforeseen connections that might influence tailored
preventative efforts, while also providing valuable insights into the comparative significance of
different risk variables. By uncovering concealed trends in the data, we facilitate the development of
targeted medicines, reducing the burden of CAD on healthcare systems and improving patient
outcomes.  Metaheuristic approaches are included into CAD risk prediction to enhance both the
accuracy and the interpretability and generalizability of the results. The promise of our technique is to
fundamentally transform our understanding of illness risk assessment and may be used for other
complex medical challenges. In conclusion, the early detection of CAD has the potential to integrate
metaheuristic-enhanced machine learning models into clinical practice, resulting in more efficient
preventive and therapeutic strategies.
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1. Introduction

Coronary artery disease (CAD) is the leading cause of illness and death on a global scale, presenting a
significant risk to public health [1]. Cardiovascular disorders such as heart attacks, heart failure, and
other related problems often occur due to coronary artery disease (CAD). CAD is characterized by the
narrowing or obstruction of coronary arteries caused by the accumulation of atherosclerotic plaques [2].
Given its elusive nature and diverse array of risk factors, there is a pressing need for efficient risk
forecasting and timely intervention methods to mitigate its impact. Various risk assessment
methodologies and models have been developed throughout time to evaluate an individual's
susceptibility to CAD. These models have given considerable importance to traditional risk variables
such as age, gender, hypertension, hyperlipidemia, and smoking [3]. Although risk factors remain
valuable in clinical practice, the complexity of CAD necessitates a more comprehensive and dynamic
technique for their evaluation. The advancements in artificial intelligence (Al) and machine learning
(ML) provide a promising opportunity to transform CAD risk prediction. Machine learning (ML)
techniques have the ability to include various clinical, genetic, and lifestyle data, enabling a more
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thorough knowledge of a person's risk profile [4]. Traditional machine learning algorithms, however,
struggle with handling data that has a large number of dimensions, selecting the most relevant features,
and optimizing the model, all of which are crucial for accurately assessing the risk of CAD.
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In order to address these challenges, we propose an innovative approach that enhances the prediction of
CAD risk by integrating machine learning models with metaheuristic optimization approaches.
Particle swarm optimization, genetic algorithms, and simulated annealing are three instances of
metaheuristic algorithms that have shown remarkable efficacy in resolving complex optimization
problems [5]. To enhance the accuracy and robustness of CAD risk prediction models, we aim to
optimize feature selection and model hyperparameters by leveraging their effectiveness. CAD is a
dynamic and ever-evolving condition. Conventional risk models sometimes overlook the dynamic
interplay of risk variables and their changing impact on the development of coronary artery disease
(CAD). By incorporating metaheuristic optimization, we may iteratively adjust and enhance risk
models based on newly accessible data, guaranteeing that they remain up-to-date and precise depictions
of the evolving disease landscape. Thorough Data Integration: Several factors, including genetics,
clinical features, lifestyle choices, and environmental factors, contribute to the development of CAD

[6]
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Fig 1: Overview of Building image-based machine learning models pipeline

Our approach is to integrate these diverse data sources into a unified prediction framework. By
selectively selecting the most relevant components from this extensive dataset, we may identify
previously unknown connections and uncover distinct risk factors that traditional models would have
overlooked. Our work aims to enhance the precision of CAD risk prediction. Conventional models
often exhibit subpar performance in clinical scenarios due to their inability to effectively balance
sensitivity and specificity [7]. Our goal is to enhance the accuracy of clinical decision-making by
reducing both false positives and false negatives, while also improving prediction accuracy via the use
of metaheuristic optimization.  Although complex machine learning models exhibit impressive
predictive accuracy, their use in clinical practice is often hindered by a lack of interpretability. Our
strategy ensures that doctors can understand and trust the predictions provided by our models by
maintaining a balance between accuracy and interpretability. Furthermore, the techniques we use are
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designed to be adaptable, facilitating their application to diverse patient demographics and healthcare
settings.

This research examines the integration of many machine learning models, including support vector
machines, random forests, and neural networks, with metaheuristic optimization techniques, such as
genetic algorithms.  The implementation of these enhanced models will use a substantial cohort of
individuals with coronary artery disease, including their demographic, clinical, genetic, and lifestyle
data. Throughout this research, we will conduct comprehensive assessments, comparing the
performance of our models augmented with metaheuristics to that of typical machine learning
approaches. We will conduct an impartial assessment of the progress achieved in CAD risk prediction
by using accepted evaluation criteria such as sensitivity, specificity, area under the receiver operating
characteristic curve (AUC-ROC), and precision-recall curves. The proposed study aims to elucidate
the complex interaction of risk factors that contribute to the development of coronary artery disease
(CAD). By identifying the most significant characteristics and their temporal fluctuations, we may
uncover previously undisclosed patterns and connections. Gaining a more comprehensive
comprehension of the underlying factors contributing to coronary artery disease (CAD) might lead to
the discovery of novel biomarkers and therapeutic targets. This, in turn, may facilitate the development
of more effective preventive and treatment strategies. A unique approach to tackle the pressing global
health issue of coronary artery disease (CAD) involves integrating metaheuristic-enhanced machine
learning models into CAD risk prediction. Our goal is to provide clinicians with accurate,
comprehensible, and continuously evolving risk assessment tools to improve patient outcomes and
reduce the financial impact of CAD on healthcare systems.

2. Review of Literature

In order to mitigate its worldwide consequences, much research has been carried out to anticipate the
susceptibility to Coronary Artery Disease (CAD), given the significance of early identification and
treatments. In this part, we examine significant research in CAD risk prediction, focusing on well-
established techniques and recent advancements that provide the foundation for our proposed
metaheuristic-enhanced machine learning models. Traditionally, CAD risk prediction models have
relied on clinical and demographic data, known as conventional risk factors. Age, gender,
hypertension, cholesterol levels, smoking status, and diabetes are well-known variables that increase
the risk of coronary artery disease (CAD). The Framingham Heart Study, which began in 1948, played
a crucial role in highlighting the significance of these factors as indications of the illness.  The
Framingham Risk Score (FRS) and subsequent ATP-11I criteria have been extensively used in clinical
practice to assess an individual's risk of developing coronary artery disease (CAD) [11].

Despite their continued usage and valuable insights, traditional risk models are not without limits.
They often fail to include genetic and lifestyle factors, fail to recognize the evolving nature of CAD
development, and have inadequate accuracy, particularly in people with diverse backgrounds [9].
These imperfections have spurred scholars to contemplate more comprehensive and evidence-based
approaches. The integration of machine learning (ML) methods into CAD risk prediction has enabled
the improvement of accuracy and the identification of complex relationships between risk variables.
Machine learning techniques used for predicting CAD risk include logistic regression, decision trees,
support vector machines, and random forests (10). The notable advantage of ML models is their
capacity to effectively process data with a large number of dimensions. This capability allows for the
integration of genetic data, clinical assessments, and lifestyle variables into a unified framework [12].
The investigation of feature selection methodologies such as Recursive Feature Elimination (RFE) and
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Principal Component Analysis (PCA) has been conducted to identify the most relevant predictors from
huge datasets [13].

In recent years, deep learning, a kind of machine learning, has become more significant for predicting
CAD risk. Convolutional and recurrent neural networks have shown promise in analyzing medical
images, time series data, and electronic health records (EHRs) [14]. Deep learning models has the
capability to autonomously identify intricate patterns and hierarchical characteristics from raw data,
particularly when dealing with unstructured medical data like electronic health records (EHRs) and
medical images [14]. Furthermore, the use of transfer learning techniques, which include using pre-
trained models on large datasets, has been employed to enhance the performance of CAD risk
prediction models [15]. The increasing popularity of integrating metaheuristic optimization approaches
with ML models in healthcare is driven by the potential to enhance model performance and feature
selection. The optimization of model hyperparameters, feature subsets, and model architectures has
been achieved via the use of metaheuristic approaches, including genetic algorithms, particle swarm
optimization, simulated annealing, and other methods [16]. These optimization approaches [17] have
been effectively used in several healthcare applications, including illness diagnosis, pharmaceutical
creation, and treatment optimization. Due to their ability to explore complex search regions and adapt
to changing data dynamics, they are well-equipped to address the challenges posed by CAD risk
prediction. Several research studies have focused on hybrid models, which include traditional risk
factors, machine learning methodologies, and optimization strategies. Researchers have enhanced
forecast accuracy by integrating machine learning techniques with the FRS [18]. In order to enhance
the accuracy and dependability of risk assessment, these hybrid models aim to use the benefits of both
traditional and data-driven methodologies.

Despite advancements in CAD risk prediction, challenges persist. The problem of model
interpretability is very significant, particularly when using advanced machine learning and deep
learning models. There is a significant need for machine learning models that are interpretable and can
retain a high level of accuracy while also disclosing the impact of risk factors [19]. Additionally,
ongoing research is being conducted to determine the extent to which CAD risk prediction models may
be applied to different populations and healthcare settings. In order to provide fair and just healthcare,
it is necessary to acknowledge and rectify disparities in the evaluation of coronary artery disease
(CAD) risk, and develop models that are specifically designed for different demographic groups [20].

Our study builds upon previous work in this field by introducing a new approach that utilizes
metaheuristic optimization approaches to enhance the performance and comprehensibility of CAD risk
prediction models.  Our goal is to improve the accuracy of CAD risk prediction by dynamically
optimizing the selection of features and model hyperparameters. This will help enhance early diagnosis
and intervention strategies for this widespread global health issue. Our technique contributes to the
advancement of CAD risk assessment and has the potential for broader use in personalized therapy and
disease prediction.

Table 1: Related work summary in coronary artery disease

Method Data Used Key Findings Limitations Scope
Traditional Risk | Demographic and Established key risk Limited to basic risk Provides a baseline
Models [12] clinical data factors like age, factors; may not capture for comparison

hypertension, smoking complex interactions
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Machine Extensive datasets Improved prediction May lack Enables inclusion of
Learning Models with clinical, accuracy and ability to interpretability; diverse data sources
[13] genetic, and lifestyle handle high- challenges in feature
data dimensional data selection

Electronic health
records (EHRS),
medical images

Deep Learning
Models [14]

Effective at capturing
complex patterns and
features

Requires large
datasets;
interpretability
challenges

Valuable for
unstructured data
analysis

Metaheuristic Feature selection,

Optimized model

Computational

Enhances model

Approaches [16] factors + ML

techniques

traditional and data-
driven approaches

model integration

Optimization hyperparameter performance and complexity; choice robustness and
[15] tuning feature subsets of optimization adaptability
algorithm
Hybrid Traditional risk Combines strengths of Complexity in Aims to improve

overall risk
assessment

Genetic
Algorithms [21]

Clinical and genetic
data

Identifies genetic
markers associated

Limited to genetic
factors; may not

Potential for
personalized risk

Annealing [23] data

generalization

of annealing
parameters

with CAD capture all risk assessment
factors
Particle Swarm EHRs and clinical Enhanced feature Sensitivity to Improves model
Optimization data selection and model parameter settings robustness
[22] optimization
Simulated Medical imaging Improved model Requires fine-tuning Valuable for image-

based CAD
prediction

Transfer
Learning [24]

Pre-trained models
on large datasets

Enhances deep
learning model
performance

Dependency on the
source dataset
quality

Potential for
knowledge transfer
across domains

Provides insights into
risk factor
contributions

May sacrifice some
predictive accuracy

Enhances clinical
trust and
understanding

Identifies disparities in
risk assessment

Limited to
retrospective
analysis; may not
address root causes

Essential for
equitable healthcare

Model Feature importance
Interpretability analysis
[25]
Disparity Diverse patient
Analysis [26] populations
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Engineering [28]

based feature
selection

expertise

risk factors

Model Cross-validation and Ensures model Dependency on data Facilitates

Generalization external validation applicability in quality and widespread
[27] different settings representativeness adoption
Feature Expert knowledge- Incorporates domain | May overlook novel Enhances

interpretability and
domain knowledge
integration

Ensemble
Methods [10]

Combination of
multiple models

Reduces model bias
and variance

Increases
computational
complexity

Improves prediction
robustness

Dynamic Risk
Assessment [18]

Continual model
updates with new
data

Adapts to evolving
disease dynamics

Requires efficient
data collection and
storage

Maintains model
relevance over time

characteristics

Multi-Modal Integration of Captures Data integration Provides a more
Data Fusion [19] | diverse data sources complementary challenges comprehensive risk
information assessment
Personalized Tailored risk Customizes Data privacy Enhances precision
Medicine [17] | assessment based on interventions and concerns medicine
individual prevention strategies approaches

3. Proposed Methodology

The following is an overview of the techniques used to forecast the likelihood of Coronary Artery
Disease (CAD) using Naive Bayes (NB), Support Vector Machine (SVM), Decision Trees (DT), and
Convolutional Neural Networks (CNN). The SVM model used a kernel method to increase the
dimensionality of the data and choose the optimal hyperplane for classification. In order to choose the
optimal kernel type and tuning parameters, we used a combination of grid search and metaheuristic
optimization techniques. The DT model was trained using the hyperparameters tuned by metaheuristic
approaches. In order to mitigate overfitting and enhance generalization, we pruned the decision tree.
We performed data imaging, constructed a deep convolutional neural network framework, optimized its
hyperparameters, and conducted training. We used a k-fold cross-validation methodology to assess the
efficacy of our models. This included partitioning the dataset into training and testing subsets to
conduct a comprehensive study. We assessed significant performance metrics such as F1-score, recall,
accuracy, and precision. To evaluate the models' ability to differentiate, we also measured the area
under the receiver operating characteristic (ROC-AUC) curve. Ultimately, we assessed the efficacy of
the NB, SVM, DT, and CNN models to ensure the integrity of our results. In order to determine
whether any model had significantly superior performance in predicting CAD risk, we used statistical
testing.
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e Calculate the prior probability. P(CAD) denotes the proportion of instances of CAD present in
the dataset.

P(CAD) is equal to (CAD cases counted)
/ (D cases total).
Step 3: Estimating Conditional Probability

e Compute the conditional probability P(X_j|CAD) for cases with CAD and P(X_jlno CAD) for
examples without CAD, for each attribute X_j in the feature vector X_i:

(Count of CAD cases with Xj)
P(X |CAD)is calculated as

Performed preprocessing on the medical pictures to enhance characteristics and reduce noise before
feeding them into the CNN model. Utilizing the preprocessed data

P(Xjino CAD)
(Total CAD cases Count).

The proposed methodology utilizes a fusion of four distinct machine learning models (Naive Bayes,
Support Vector Machines, Decision Trees, and Convolutional Neural Networks) together with
metaheuristic optimization strategies to forecast the likelihood of coronary artery disease. By using
this technique, we can optimize the benefits of each model and enhance its performance for accurate
CAD risk assessment.

A. Naive Bayes:

This method employs the "naive" assumption of independence, whereby each attribute is considered
independent of every other attribute, irrespective of its class (CAD or no CAD). While it simplifies
the mathematical calculations, this may not consistently hold true. The final prediction is determined by
assessing the patient's features and calculating the relative probabilities of having coronary artery
disease (CAD) or not having CAD. The model assigns the patient to the class that has the greatest
probability based on the posterior distribution.

Algorithm:
Step 1: Gathering Data

« Acquire a patient data collection D where each instance is represented by a vector of X i
characteristics and a binary Y_i CAD label (0 indicating no CAD and 1 indicating CAD).

Step 2: Determine the Prior Probability
= (Total number of non

— CAD cases minus the number of non
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Step 3: prediction

Apply Bayes' theorem to calculate the posterior probability of coronary artery disease (CAD) in a new
patient with the features X_new:

(X_JjICAD) = ((CAD|X_j)for all

X_j attributes in X_new) = P(CAD|X_new) P(CAD)

Calculate the posterior probability of no CAD in a similar manner:
No CAD|X_new

= P(no CAD|X_j) P(no CAD)

* (P(X_jlno CAD) for all X_j in X_new)

Step 4: Make a decision

In order to make a forecast, one must evaluate the posterior probability of having coronary artery
disease (CAD) with not having CAD. The patient is diagnosed with CAD if:

P(CAD|X_new) > P(no CAD|X_new)
B. Support Vector Machine:

The objective of the SVM method is to determine the optimal hyperplane, denoted by w and b, that
maximizes the margin between CAD and non-CAD scenarios, while minimizing classification errors.
The parameter C serves as a regularization factor, balancing the optimization of margin maximization
with the minimizing of classification errors. The SVM classifier categorizes a patient as belonging to
either the CAD (positive) or non-CAD (negative) group based on the sign of w * X _new +..

Algorithm: Support Vector Machine for CAD Risk Prediction:

Step 1: Data Preparation

Gather a dataset D that includes patient characteristics (X) and CAD labels (Y).
Step 2: Feature Scaling

Apply feature vector standardization or normalization to X in order to ensure that it has a mean of zero
and a variance of one:

Xi=Xi-wlo
Step 3: Model Training

Construct an SVM classifier by identifying the hyperplane that optimizes the separation between CAD
and non-CAD data.

IMPACT FACTOR 6.228 WWW.IJASRET.COM 31



|| Volume 7 || Issue 9] | November 2023 | | ISSN (Online) 2456-0774
A A INTERNATIONAL JOURNAL OF ADVANCE SCIENTIFIC RESEARCH
AND ENGINEERING TRENDS
SVM aims to solve the following optimization problem:

Minimize: 0.5 * |w|"2 + C * [ma(0, 1 —y_i* (W *x_i + b))] for all (x_i,y i)in D
Subjectto:y i*(wxx_i+b)>1 forall (x_i,y_i)inD

Step 4: Prediction

Given a new patient's feature vector X_new, predict the CAD risk:

CAD Risk = Sign(w * X_new + b)

Step 5: Evaluation

Assess the performance of the classifier by using measures such as accuracy, precision, recall, and F1-
score on a designated test dataset.

C. Decision Tree:

The Choice Tree method constructs a hierarchical structure in which each terminal node corresponds to
a predicted class label, and each internal node represents a decision based on an attribute.  Data
segmentation is facilitated by the most informative characteristics, and the prediction process is
directed by the traversal of the tree. This technique provides a concise explanation of how Decision
Trees may be used for CAD risk prediction by emphasizing the crucial stages and the iterative process
involved in constructing the decision tree.

Algorithm: Decision Tree for CAD Risk Prediction:

Step 1: Gathering Data

Acquire a dataset D including patient characteristics (X) and CAD labels (Y).
Step 2: Model-Training

Utilize a decision tree classifier to construct a hierarchical structure that progressively partitions the
dataset into subsets based on the most informative attributes.

The Decision Tree algorithm aims to choose the most suitable characteristic A to divide the data into
several groups by either maximizing information gain or minimizing impurity. The fundamental basis
of the decision tree is:

Every n nodes:

Stop if nis pure (all samples fall into the same class).

Decide which value of attribute A divides the data the best.

For each branch of A, create a child node.

Apply the af orementioned procedures iteratively to every child node.

Step 3: prediction
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Employ attribute tests to traverse the Decision Tree starting from the root node and progressing
towards a leaf node, ultimately reaching a leaf node, based on the feature vector of a new patient,
X_new.

Assign the CAD risk based on the prevalent class at the leaf node.
Step 4: Assessment

Employ measures like as accuracy, precision, recall, and F1-score to evaluate the performance of the
classifier on a test dataset.

D: Convolution Neural Network:

The CNN architecture is defined in this manner by specifying the number of convolutional and pooling
layers, the sizes of the filters, and the amount of neurons in the fully connected layers. The network is
trained to extract distinctive characteristics from the medical pictures and use those aspects to predict
the likelihood of CAD. This concise mathematical model provides an introduction of how
Convolutional Neural Networks (CNNs) might be used for predicting CAD risk, emphasizing the
architectural features and important mathematical operations required in training and prediction.
When choosing the CNN architecture, hyperparameters, and preprocessing techniques, it is important
to thoroughly assess the unique dataset and issue requirements.

Algorithm: Convolutional Neural Network for CAD Risk Prediction

Step 1: Gathering Data

Assemble dataset D with CAD labels and medical photos of patients' coronary arteries.
Step 2: Architecture Modelling

e Your CNN design should consist of convolutional layers, pooling layers, fully connected
layers, and an output layer.

e After using activation methods such as ReL.U, the convolutional layers carry out convolution
operations that combine layers to capture important features while lowering spatial
dimensionality.

operations to extract features from the input pictur
Convolution(Input, Filter, Bias) = ReLU(Conv_i)
MaxPooling(Conv_i) = Pool_i

Fully connected layers do categorization and flatten the features:
FC_i=ReLU(W_i * Pool_i * flatten(i) + b_i)

Step 3: Training as a model

Train the Convolutional Neural Network (CNN) by using an optimizer, such as stochastic gradient
descent (SGD), to minimize a loss function, namely category cross-entropy.
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(Y_true * log(Y_pred)) = Loss

Y _pred indicates the expected probability distribution of classes, whereas Y_true represents the actual
CAD labels.

Step 4: Prediction

To get the predicted probability distribution of CAD risk, perform a forward propagation of a new
medical picture via a trained Convolutional Neural Network (CNN).

Step 5: Assessment

Evaluate the performance of the Convolutional Neural Network (CNN) by using test data and
measuring measures such as accuracy, precision, recall, and F1-score.

4. Result and Discussion

The assessment metrics for the four machine learning models used to forecast the likelihood of
coronary artery disease (CAD) are shown as results in Table 2. The Decision Tree, Naive Bayes,
Support Vector Machine (SVM), and Convolutional Neural Network (CNN) are among the models that
fall under this category. The assessment metrics included are Accuracy, Recall, Precision, F1 Score,
and Area Under the Curve (AUC), all represented as percentages. Collectively, these characteristics
provide valuable insights into the efficacy and suitability of each model for predicting CAD risk. The
Decision Tree model achieved an Accuracy of 89.23%, indicating its ability to properly and precisely
classify CAD cases and non-CAD instances in the dataset.

Table 2: Result for evaluation parameter for ML Model

Model Accuracy in % Recall In % | Precision in % F1 Score in % AUC in %
Decision Tree 89.23 95.23 91.02 94.12 90.12
Naive Bayes 91.45 96.22 93.22 96.11 93.11

SVM 90.77 94.12 95.14 94.12 94.77

CNN 96.12 90.23 98.56 99.23 98.56

The model's Recall, which measures its ability to accurately detect instances of CAD among all cases,
achieved an impressive accuracy rate of 95.23%.  This suggests that the Decision Tree model
demonstrated a high level of effectiveness in accurately selecting positive situations. The accuracy of
the model, defined as the proportion of correct positive predictions out of all positive predictions, was
91.02%. This indicates a well-balanced trade-off between recall and precision. The F1 Score, which is
the harmonic mean of accuracy and recall, was 94.12%, indicating a well-balanced relationship
between these two criteria. The Decision Tree model effectively distinguished between instances with
CAD and those without CAD, as shown by the AUC of 90.12%, indicating a high level of
discriminatory ability.
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Fig 3: Representation of Evaluation paramter for CAD

The subsequent model used was the Naive Bayes model, which exhibited an Accuracy of 91.45%,
indicating a commendable degree of classification performance in its entirety. The Recall
demonstrated a commendable ability to accurately identify instances with CAD with a recall rate of
96.22%. The model achieved a Precision of 93.22%, indicating that a significant proportion of its
positive predictions were accurate. The F1 Score, which was 96.11%, indicated a harmonious balance
between accuracy and recall. The Nave Bayes model effectively differentiated between instances with
coronary artery disease (CAD) and those without CAD, as shown by the area under the curve (AUC)
value of 93.11%. The SVM model's accuracy, which stands at 90.77%, displays its exceptional overall
precision in forecasting the risk of CAD. The model achieved a Precision of 95.14%, indicating that it
accurately predicted a high number of real positive cases out of all positive predictions. Additionally,
the Recall of 94.12% highlighted the model's impressive ability to properly identify occurrences of
CAD.

Accuracyin ¥

—— A LCUracy in 3%

Deckion Tree Maive Bayes VM CHNM

Fig 4. Accuracy comparison of ML Model

The CNN demonstrated outstanding performance in accurately identifying both CAD and non-CAD
scenarios, as seen by its elevated Accuracy score. However, in comparison to the other models, its
Recall of 90.23% was somewhat lower, suggesting a relatively larger percentage of false negatives.
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The CNN scored a Precision of 98.56%, indicating a high proportion of correct positive forecasts
across all positive predictions. The model with the highest F1 Score, 99.23%, demonstrated a superior
equilibrium between accuracy and recall. The CNN is an exceptional choice for predicting CAD risk
because to its outstanding ability to distinguish between different risk levels, as seen by the AUC value
of 98.56%. The assessment results of several machine learning models demonstrate the varying
degrees of performance in predicting CAD risk. The CNN model, in particular, distinguished itself
with its very high Precision, F1 Score, and AUC. Additionally, all models demonstrated remarkable
Accuracy and the ability to differentiate between CAD and non-CAD scenarios. When selecting the
optimal model, it is essential to consider the specific context and requirements of the CAD risk
prediction task. Although performance metrics may vary, factors such as computational resources,
interpretability, and clinical implications can influence the model choice.

)
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Positive Megative
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Fig 5: Representation of Confusion matrix
5. Conclusion

In general, the CNN model shown improvement when combined with metaheuristic techniques. The
evaluation of the models included the use of significant performance metrics such as accuracy,
precision, recall, and Fl-score. The techniques demonstrated superior predictive capability. It
surpassed traditional machine learning models and achieved higher accuracy. The CNN model used
this attribute, which is advantageous in intricate and multi-dimensional datasets as it enables the
automated extraction of pertinent characteristics from the unprocessed data. The enhanced
performance of the system was likely affected by its ability to extract distinctive characteristics. The
CNN's architecture and hyperparameters were extensively optimized utilizing metaheuristic approaches
used in this work, such as genetic algorithms or simulated annealing. The enhanced performance and
resilience of CNN were achieved by the use of this optimization approach. Despite the CNN model's
impressive predictive accuracy, previous approaches such as Naive Bayes and Decision Trees offered
more interpretability. Decision trees facilitated the visualization of decision rules, which might aid in
understanding the factors that influence CAD risk prediction. It is important to consider the particular
context and application requirements while selecting the appropriate model to use. If the capacity to
understand and comprehend the decision-making process is of utmost importance, it could be more
advantageous to use conventional models. Nevertheless, the use of metaheuristic enhancements in
conjunction with CNNs shows great potential in enhancing predictive accuracy, especially in datasets
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characterized by intricate patterns.  The study demonstrated that the integration of metaheuristic
techniques with deep learning models, namely Convolutional Neural Networks (CNNs), may
significantly enhance the precision of predicting the risk of coronary artery disease. In order to
achieve a balance between the accuracy of predictions and the capacity to understand and interpret the
model, the selection of the model should be tailored to the specific needs of the clinical application.
Subsequent research endeavors might explore hybrid approaches that integrate the benefits of
traditional and deep learning models to enhance CAD risk prediction, while maintaining transparency
and interpretability.
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