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ABSTRACT

Cardiovascular diseases, including heart disease, remain a significant global health concern. Early detection
and accurate prediction of heart disease risk factors are crucial for effective prevention and intervention.
This research paper uses a metaheuristic approach with genetic algorithms (GAs) to optimize
hyperparameter settings to improve predictive accuracy of heart disease models. Using genetic algorithms
as a metaheuristic approach, this research article aims to improve the accuracy and generalizability of heart
disease prediction models. The primary objective is to converge towards optimal model parameters,
ultimately maximizing accuracy or minimizing error. The study investigates the effectiveness of combining
genetic algorithms with machine learning in improving heart disease prediction, with a focus on enhancing
accuracy, generalizability, and scalability. Through comparison with traditional methods, the research
assesses the superiority of the proposed approach and its potential contributions to heart disease diagnosis
and treatment. Notably, the research stands out for its use of genetic algorithms in conjunction with cross-
validation to optimize hyperparameters, identify optimal model parameters, and evaluate performance by
minimizing errors. The application of the Support Vector Machine (SVM) classifier with optimized
hyperparameters yielded a significant 97% improvement in accuracy with the heart disease dataset,
surpassing results from previous studies. This research thus highlights the promise of genetic algorithms in
enhancing heart disease prediction models and advancing healthcare analytics

Keywords: Metaheuristic Approach, Genetic Algorithm, Hyperparameter Optimization, Support Vector

Machine, Heart Disease Prediction
1. INTRODUCTION to address this epidemic must involve a multi-
faceted approach, including promoting healthy

Heart disease is an important global health lifestyle habits, increasing awareness about

concern, being the leading cause of mortality
worldwide, which represents a substantial burden
on individuals, families, and healthcare systems [1].
Cardiovascular disease accounts for 40% of all
deaths in China and is the leading cause of death
worldwide, according to data provided by the
country's national mortality surveillance system [2].
It is crucial to prioritize research and interventions
to effectively address this public health problem.

The escalating cardiovascular disease epidemic is
a global issue of great concern. If allowed to
escalate without intervention, the resulting
morbidity, mortality, and economic repercussions
could have far-reaching effects worldwide. Efforts

cardiovascular disease risk factors, and improving
access to quality healthcare services. Governments,
healthcare providers, and individuals must work
together to implement prevention and management
strategies to combat this growing crisis. With
coordinated action and an emphasis on early
detection and treatment, we can strive to reduce the
burden of cardiovascular disease and ultimately
save lives.

Early detection and accurate prediction of heart
disease risk factors are crucial because they allow
timely intervention and prevention strategies.
Identifying individuals who are at increased risk of
developing heart disecase allows for targeted
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interventions, such as lifestyle modifications and
medication, which can significantly reduce the
likelihood of developing the disease. Additionally,
accurate prediction of heart disease risk factors can
help healthcare providers allocate resources more
efficiently and effectively, leading to better patient
outcomes.

This research seeks to assess the efficacy of
combining genetic algorithms with machine
learning techniques in predicting heart disease,
evaluating enhancements in predictive accuracy,
generalizability, and scalability. It plays a crucial
role in advancing healthcare analytics by
investigating novel approaches to improving the
precision and efficiency of heart disease prediction
models. By comparing results between genetic
algorithms combined with machine learning
algorithms and traditional optimization methods,
researchers can ascertain the superiority of these
advanced techniques. This exploration will inform
how such advanced methods may aid in the
diagnosis and treatment of heart disease.

The remainder of this paper is organized as
follows. Section 2 provides an overview of the
relevant research conducted on the topic. Section 3
of this research focuses on the methodology used,
which includes collecting data, preparing the data,
and doing a thorough analysis of hyperparameter
optimization using genetic algorithms and SVM
classification algorithms. Moreover, it provides
detailed information about the methodology of
decoding a binary chromosome, the procedure of
selecting parents, the use of crossover to produce
future generations and random mutations of
individuals. In Section 4, the results of all
experiments are analyzed and discussed in detail,
including the various metrics used in machine
learning models. In Section 5, the conclusion and
future direction of the research work have been
explored in detail.

2. RELATED WORK

Al algorithms can effectively identify patterns
and indicators of heart disease at an early stage,
enabling timely intervention and treatment [3]. The
effectiveness of Al in detecting cardiovascular-
related diseases from wearable devices has been
systematically reviewed, with meta-analyzed
sensitivity and specificity reaching high levels,
indicating the potential for accurate detection and
diagnosis [4]. The potential of Al in the early
detection of heart disease has also been explored
through machine learning approaches, with studies

focusing on the development of Al models for the
accurate and reliable detection of heart disease.

Current heart disease prediction models often
face challenges in achieving high predictive
accuracy and generalizability. This is due to the
complexity and variability of heart disease risk
factors, as well as the limitations of traditional
optimization methods. However, the use of genetic
algorithms as a metaheuristic approach to
hyperparameter  tuning can address these
challenges. Genetic algorithms can search through a
large space of hyperparameters and find the optimal
combination that maximizes the model's
performance. This can help overcome the
limitations of traditional methods and improve the
accuracy and generalization ability of heart disease
prediction models.

Genetic algorithms are used by researchers in the
classification and accurate diagnosis of diseases in
medical fields, such as acute coronary syndrome,
breast cancer, and diabetes [5]. Authors in [6]
combined a genetic algorithm and neural network to
create a system for complex categorization
problems, with the aim of a classification accuracy
of 94.17. The final weights of the system are used
to predict the risk of heart disease. Furthermore, the
study by [7] supports the idea of using genetic
algorithms and the Adaptive Neuro-Fuzzy Inference
System (GA-ANFIS) to create a simplified structure
of the ANFIS model for detecting heart disease,
reducing the number of costly tests and datasets.
This hybrid technique shows high accuracy in
predicting heart disease in both primary and
secondary datasets, making it suitable for other
datasets on heart disease and healthcare issues.

Genetic algorithms can improve the accuracy of
breast cancer diagnosis using a wrapper approach
for feature selection [8]. Researchers [9] introduced
the potential applications of the genetic algorithm in
various medical specialties, including radiology,
oncology, pediatrics, cardiology, endocrinology,
surgery, obstetrics, pulmonology, orthopedics,
neurology, pharmacotherapy, and healthcare
management. In [10], the authors have conducted
an investigation and presented an approach that
integrates genetic algorithms and decision trees to
optimize hyperparameters for C-SVMs. The study
focuses on searching for optimal values for the
regularization parameter, the cost of classes, and the
parameters of the RBF kernel function for SVM.
[11] offers an exhaustive review of cutting-edge
research in evolutionary computation pertaining to
feature selection. A common strategy in genetic
algorithms (GA), genetic programming (GP), and
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particle swarm optimization (PSO) involves
enhancing the representation to concurrently select
features and optimize classifiers, such as support
vector machines (SVM).

Despite Al algorithms' tremendous promise for
detecting patterns and symptoms of heart disease
via wearable devices, current heart disease
prediction models have problems obtaining high
predictive accuracy and generalizability. These
issues are due to the complexity and variability of
heart disease risk variables, as well as limitations in
existing optimization methods.

While genetic algorithms have been
identified as a viable metaheuristic strategy for
hyperparameter tuning, notably in medical
diagnostics, there is still a gap in the use of genetic
algorithms specifically designed for optimizing
heart disease prediction models. Thus, the task at
hand is to design and assess an optimal heart
disease prediction model employing genetic
algorithms to improve predictive accuracy and
generalizability, thereby facilitating early detection
and intervention techniques. Research Question:
How does integrating genetic algorithms with
machine learning algorithms enhance the
performance of heart disease prediction models
compared to traditional optimization methods?

3. METHOD

In this research we applied the Support
Vector Machines classifier and employed a
Metaheuristics approach, specifically utilizing
Genetic Algorithms for Hyperparameter
optimization. Metaheuristics are optimization
algorithms that are used to solve complex problems
that cannot be easily solved using traditional
methods. In the context of heart disease prediction,
metaheuristics can be used to optimize the
performance of predictive models by searching for
the best combination of hyperparameters. The SVM
algorithm involves numerous parameters, with
Kernel, Degree, C, and Gamma being the four most
commonly utilized hyperparameters. In our
research, we specifically focus on the C and
Gamma hyperparameters. C functions as a
regularization parameter, influencing the accuracy
of the hyperplanes in data separation. It manages
the balance between minimizing the error in the
training data and maximizing the weight norm.
However, Gamma is a parameter associated with
the Gaussian kernel, determining the reach of
influence for a single training observation. Lower
values indicate a broader influence, signifying
distance, while higher values indicate a more

localized influence, signifying proximity. We have
implemented genetic algorithms using the Python
programming language, and we have developed the
algorithm without relying developed the algorithm
without relying on any external libraries.

3.1 Data Collection

The Cardiovascular Disease Dataset [12]
is used for this research from the Mendeley
database. This dataset was obtained from a
multispecialty hospital in India. With more than 14
common features as shown in Table 1, it is one of
the most comprehensive heart disease dataset
available for research purposes to date. Comprising
1000 subjects and 14 characteristics, this dataset is
valuable for developing early-stage heart disease
detection systems and generating predictive
machine learning models.

3.2 Preprocessing of data

Data cleaning is a crucial step in the data
preprocessing pipeline, ensuring the quality and
reliability of the dataset used for analysis or
machine learning models. One key aspect is
handling missing values, where the goal is to
identify and address gaps in the data by either
filling them in with appropriate values or removing
the instances with  missing information.
Additionally, removing duplicates is essential to
prevent biases in models caused by identical rows,
maintaining the diversity and accuracy of the
dataset. Another essential data preprocessing step
involves identifying and eliminating outliers.
Outliers are data points that deviate significantly
from the expected pattern, and their presence can
adversely affect the performance of your model
[13].

The next critical step involves examining
whether the data are appropriately scaled,
particularly in the context of variables related to
heart disease, such as age and cholesterol levels.
For example, age might be represented by two
digits, while cholesterol levels could span two or
three digits. Currently, cholesterol's larger
numerical  values  might disproportionately
influence the model, potentially overshadowing the
true impact of age on predicting heart disease
outcomes. However, in reality, age might have a
more substantial impact than cholesterol levels. To
address this, we standardize all variables on a
consistent scale, typically between zero and one.
This normalization ensures that each variable
contributes equally to the heart disease prediction
model, avoiding skewed influence based on their
original numeric ranges [14].
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Table 1: DATASET FEATURE INFORMATION

S.No  Attribute Description Unit Type
1 patientid Patient Identification Number Number Numeric
2 age Age In Years Numeric
3 gender Gender 0, 1 (0-Female,1-Male) Binary
4 chestpain Chest pain type 0,1,2,3 (0 - typical angina, Nominal
1 — atypical angina,
2 — non-anginal pain,
. . 3 — asymptomatic) .
5 restingBP Resting blood pressure 94-200 (in mm HG) Numeric
6 serumcholestrol Serum cholesterol 126-564 (in mg/dl) Numeric
7 fastingbloodsugar ~ Fasting blood sugar 0,1 > 120 mg/dl Binary
(0-False,1-true)
8 restingrelectro Resting electrocardiogram results 0,1,2 (0 - Normal, Nominal
1 — having ST-T wave
abnormality (T wave
inversions and/or ST elevation
or depression of >0.05 mV)
2 — showing probable or
definite left ventricular
. . hypertrophy by Estes’ criteria) .
9 maxheartrate Maximum heart rate achieved 71-202 Numeric
10 exerciseangia Exercise induced angina 0,1(0-no,1-yes) Binary
11 oldpeak Oldpeak =ST 0-6.2 Numeric
12 slope Slope of the peak exercise ST 1,2,3 (1-unsloping,
segment 2-flat,3-downsloping) Nominal
13 noofmajorvessels Number of major vessels 0,1,2,3 Numeric
14 target Classification 0,1(0 — Absence of Heart Binary
Disease, 1 — Presence of Heart Binary

Disease)

Here is a brief explanation of how the scaling
works:

For each feature, the minimum and
maximum values are computed during the fitting
process. Then, each data point in the feature is
transformed according to the formula:

XScaled = X — XMin
Caled = ¥Max — XMin

(1)

where X is the original value, XMin is the
minimum value of the feature, and XMax is the
maximum value of the feature. After this
transformation, the scaled data can be used for
machine learning algorithms and ensures that each
feature contributes equally to the model training
process without being disproportionately influenced
by its original scale [15].

In the final preprocessing step, the data were
normalized, and subsequently, divided into two
subsets referred to as training and testing data. The
split was carried in a way in which 70% of the total
data was designated for training, while the
remaining 30% was allocated for testing. This
division enabled the training and evaluation of the
machine learning classifier, allowing its accuracy to
be tested on the same dataset, during both the
training and testing phases.

3.3 Support vector machine

Support vector machines (SVMs) are a powerful
supervised  learning  algorithm  used  for
classification and regression tasks [16]. They are
effective in high-dimensional spaces, making them
suitable for tasks with large features, particularly in
fields like bioinformatics and text classification.
SVMs are less prone to overfitting and can handle
non-linear decision boundaries. They can be
versatile, using the kernel trick to map input data
into high-dimensional feature spaces. SVMs also
have global optimization, making them less
dependent on initialization and more reliable. They
are effective in small sample sizes, memory-
efficient, and can model complex decision
boundaries wusing different kernel functions.
However, the choice of algorithm depends on the
specific characteristics of the data and the task.

Additionally, SVM  models can  be
computationally expensive and require careful
tuning of hyperparameters to achieve optimal
performance [17]. The algorithm operates by
maximizing the margin between the classes, as
delineated in the feature space. Furthermore, SVM
models may struggle with handling imbalanced
datasets, where the number of positive cases (heart
disease patients) is significantly smaller than the
number of negative cases (healthy individuals).
These limitations should be taken into consideration
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when evaluating the potential of SVM for heart
disease detection.

3.4 Hyperparameter Optimization

Hyperparameter optimization is crucial in
machine learning algorithms because it involves
tuning the configuration settings of a model, known
as  hyperparameters, to achieve the Dbest
performance [18]. Hyperparameters are parameters
that are not learned from the training data but are
set prior to training. They significantly impact the
model's learning process and its ability to generalize
well to unseen data. It improves performance by
enhancing accuracy, reducing overfitting, and
generalizing to new data. It also aids in time and
resource efficiency by automating the search for
optimal  hyperparameter  values.  Well-tuned
hyperparameters contribute to model robustness, as
they are less sensitive to input data variations and
perform consistently across different datasets. They
also help avoid underfitting and overfitting by
striking the right balance between hyperparameter
values.

Common  techniques for  hyperparameter
optimization include grid search, random search,
and more advanced methods such as Bayesian
optimization and genetic algorithms. The choice of
method depends on factors like the size of the
hyperparameter search space, available computing
resources, and the specific characteristics of the
problem at hand. [19] introduces a proficient
machine learning (ML) diagnosis system designed
to detect heart disease. Prior to model
implementation, optimal accuracy is achieved by
employing the GridsearchCV  hyperparameter
method and the five-fold cross-validation technique.

Grid Search is a hyperparameter optimization
technique employed in machine learning to
systematically explore various combinations of
hyperparameter values within predefined ranges. In
the context of Support Vector Machines (SVM), a
popular classification algorithm, Grid Search
involves the exhaustive evaluation of different sets
of hyperparameters. For SVM, two crucial
hyperparameters are the regularization parameter
(C) and the kernel coefficient (gamma). As an
example, if we consider C values of [10, 100, 1000]
and gamma values of [0.001, 0.01], the Grid Search
would systematically test all possible combinations,
resulting in the evaluation of six sets: [10, 0.001],
[10, 0.01], [100, 0.001], [100, 0.01], [1000, 0.001],
and [1000, 0.01]. This exhaustive search process
aids in identifying the combination of
hyperparameters that optimally enhance the model's

performance, ensuring a comprehensive exploration
of the hyperparameter space.

By employing this grid search approach, the
ability to identify the most optimized parameters for
achieving the highest accuracy is constrained due to
the limitation imposed on exploring only a
predefined set of combinations. One might
contemplate expanding the search space by
considering every conceivable combination, such as
setting C from 1 to 10,000 and Gamma from 0.001
to 0.9999. This method is referred to as brute force,
wherein  every  potential combination s
systematically tested, and the combination yielding
the highest accuracy is selected. However, this
approach is characterized by its exhaustive nature,
making it impractical and time-consuming. Not
only does it take an extensive amount of time to
execute, but it also fails to guarantee the discovery
of the truly optimal solution, rendering it
impractical for practical use [20].

The genetic algorithm elevates the concept of
grid search to a higher plane. While grid search
systematically explores numerous combinations to
determine the optimal parameters for the best
accuracy in a dataset, the genetic algorithm takes
this a step further. It not only tests a multitude of
combinations but also refines its search by
extracting promising combinations and attempting
to generate even better ones from them. In essence,
the genetic algorithm surpasses grid search by not
only exploring a more extensive set of
combinations but also evolving over time. It
operates through generations, where a diverse set of
combinations or solutions from one generation is
used to spawn the next. This evolutionary process
aims to converge towards an optimal solution [21].
The genetic algorithm, therefore, stands out for its
breadth and depth compared to the simplicity and
ease of implementation of grid search.

3.5 Support Genetic Algorithm
Hyperparameter Optimization
Genetic algorithms work exactly as real life

does [22] as shown in Figure 1. It starts with an

initial random population, where each individual
has a set of characteristics or traits. These
individuals undergo selection, where only the fittest
individuals are chosen to reproduce. Through
crossover and mutation, new offspring with traits
from their parents are created. This process is
repeated over multiple generations, allowing the
population to evolve and adapt to their

(GA)
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Figure 1 : FLOWCAHRT OF GENETIC ALGORITHM

environment, mimicking the principles of natural
selection.

Consider a minimization problem defined over
a set of feasible solutions, denoted as S, with a
corresponding cost function f: S — R, applicable to
all s ¢ S. The conventional approach involves
computing the objective function for each s and
selecting the minimum. However, practical real-life
problems often entail an extensive S, rendering this
direct approach impractical. This necessity for
handling large solution spaces is where
metaheuristics come into play. In our research, we
specifically employ the Genetic Algorithm, a
widely utilized metaheuristic, to address this
challenge.

Genetic Algorithm — Parameter Notations

M — number of generations
N — population size
pc — probability of crossover
pm - probability of mutation
k — tournament selection
3.6 Integration of SVM and GA
In this research endeavor, our primary
objective is to determine optimal values for the

gamma and C hyperparameters in our support
vector machine algorithm, focusing on a selected

dataset. However, a crucial preliminary step
involves understanding the process of calculating
the objective function value. In the context of
discussing  genetic  algorithm operators and
techniques, particularly in the context of parent
selection for crossover, it is essential to emphasize
the significance of identifying optimal parents for
the process. When selecting three, four, or five
random solutions, the criterion for determining the
best among them is crucial. In this context, "best"
refers to the chromosome or solution that exhibits
the highest accuracy. Each solution is a result of a
combination of C and Gamma values, and this
combination determines the accuracy of the
solution.

This selection process is not only pertinent to
parent selection but is also applicable when
determining the final answer. To make informed
decisions, it is imperative to calculate the objective
function value or fitness value. This computation
allows us to ascertain the accuracy and fitness of
the chromosome. However, before delving into
accuracy or fitness value calculations, a critical
initial step involves decoding or translating the
binary representation (zeros and ones) of the
chromosome into actual numerical values. When
preparing to input a chromosome into the support
vector machine, it is impractical to feed it in binary
form. Therefore, understanding the decoding
process is pivotal to transform binary information
into meaningful numerical data for effective
integration into the support vector machine.
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Decoding the chromosome in the context of genetic
algorithms  involves translating a  binary
representation within a specified range (a, b) into a
meaningful numerical value [23]. The chromosome
length, denoted as 1, determines the precision of this
decoding process.

Range (a, b)
Chromosome length, 1
. b—a )
Precision = P (2)
Decoding = (¥, bit + 2i ) * precision + a (3)

Precision is calculated as in (1), indicating
the granularity of the possible values. The decoding
equation (2) is fundamental to the conversion. Here,
'bit' represents each binary digit in the chromosome,
and 'I' denotes its position. The summation captures
the cumulative contribution of each bit to the
overall value. Multiplying by precision scales the
sum to fit within the specified range and adding 'a'
ensures the final decoded value falls within the
desired interval (a, b). This systematic approach
allows genetic algorithms to interpret and
manipulate binary representations of potential
solutions within a defined numerical context.

The high-level pseudocode in Algorithm 1
outlines the optimization process for
hyperparameters in a Support Vector Machine
(SVM) using a genetic algorithm. This includes
decoding a Dbinary chromosome, calculating
hyperparameter values, performing k-fold cross-
validation, training SVM models, and returning the
optimized hyperparameters along with the average
error. The main program initializes the
chromosome and obtains the best hyperparameters.

Algorithm 1: Decoding a binary chromosome

Input: x, y, chromosome
Output: ¢_hyperparameter,
gamma_hyperparameter, avg_error

1: Define lower and upper bounds for
hyperparameters

2: Calculate precision for hyperparameters

3: Initialize variables for decoding binary
chromosome

4: Decode binary chromosome for hyperparameter
C

5: Initialize variables for decoding binary
chromosome (gamma)

6: Decode binary chromosome for hyperparameter
gamma

7: Calculate hyperparameter values

8: Initialize KFold cross-validation

9: Initialize sum_of error variable

10: Perform cross-validation

11: Calculate average error across folds

12: Return tuned hyperparameter values and
average error

In the genetic algorithm methodology, particularly
when employing tournament selection, roulette
wheel, or any other selection mechanism, the
process involves choosing pairs of parents for
crossover, leading to the generation of two
offspring. Subsequently, these offspring undergo
mutation, resulting in two mutated children, and
this iterative cycle continues. The crux of the matter
lies in the precise method used to select parents
from the population, whether it be the initial
population or one from a specific generation.

In the case of tournament selection, for
instance, the procedure entails randomly selecting
three or four solutions (chromosomes) from the
existing population. Each of these solutions is
represented by a binary sequence of zeros and ones.
The next step involves evaluating the accuracy or
error for each of these three randomly chosen
chromosomes. The parent is then determined by
selecting the one with either the highest accuracy or
the lowest error among the three, in our case we are
using the lowest error.

This selection process is iteratively
performed, where another set of three solutions is
randomly chosen, and the competition is repeated
to identify the second parent as shown in Algorithm
2. Therefore, when formulating the function for
selecting parents, it is imperative to incorporate a
mechanism that allows for the random selection of
three, four, or any specified number of solutions to
ensure the diversity and effectiveness of the genetic
algorithm. The initiation of a genetic algorithm
necessitates the creation of an initial population.
This initial population is best generated through a
randomized approach, wherein zeros and ones are
randomly selected to form the binary representation
of individuals within the population. This
randomness ensures diversity and unpredictability
in the initial set of solutions, laying the foundation
for the subsequent genetic algorithm iterations.
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Algorithm 2: Selecting Parents based on fitness
value

Input: x, y, Population

Output:

parent_1: First selected parent.
parent_2: Second selected parent.

1: Initialize parents as an empty matrix

2: for i in range(2) do

3: Generate a list of 3 random indices without
replacement

4: Obtain possible parents using the randomly
chosen indices

5: Compute objective function values for each
possible parent

6: Find the minimum objective function value
among the possible parents

7: Select the parent with the minimum objective
function value

8: Update the parents matrix with the selected
parent

9: end for

10: Extract the first and second selected parents
from the parents matrix

The probability of crossover is a crucial
parameter governing the frequency with which
genetic material from two parents is combined to
generate offspring. This probability is a user-
defined parameter, and it can range from 0 to 100
percent. Opting for a probability of 100 percent
implies a consistent application of crossover in
every reproduction cycle, ensuring a continual
exchange of genetic information between parents.
However, users have the flexibility to adjust this
probability to lower values, such as 90 or 85
percent, if a less frequent occurrence of crossover is
desired.

Maintaining a probability of crossover at
100 percent implies an unwavering commitment to
the recombination of parental genetic material,
resulting in crossover events transpiring in every
reproduction  iteration. Consequently, it is
imperative to explore the mechanisms by which
crossover is executed in the context of this full
probability setting.

To effectuate crossover between two
parents, a two-point crossover method is employed.
The initial step involves the random selection of
two integers to determine the positions at which the
crossover will transpire. It is noteworthy that if the

two randomly selected indices happen to be
identical, a reselection process is initiated to ensure
distinct indices are chosen. This precautionary
measure is implemented to guarantee the efficacy
of the crossover operation.

Subsequently, the crossover process
unfolds as follows: the genetic material preceding
the first selected index from Parent one is combined
with the genetic material succeeding the second
selected index from Parent two to form the genetic
makeup of Child one. In parallel, the genetic
material preceding the first selected index from
Parent two is paired with the genetic material
succeeding the second selected index from Parent
one to produce the genetic composition of Child
two. This two-point crossover strategy thus
facilitates the continual generation of diverse
offspring by recombining genetic material from
both parents in a systematic and reproducible
manner as mentioned in Algorithm 3.

Algorithm 3: Crossover to produce the next
generation

Input:

parent 1: First parent for crossover.

parent 2: Second parent for crossover.
prob_crsvr: Probability of crossover (default value
is 1).

Output:

child 1: Offspring resulting from crossover with
parent 1 and parent 2.

child 2: Offspring resulting from crossover with
parent 1 and parent 2.

1: Initialize empty matrices for child 1 and child 2
2: Generate a random number to determine whether
to perform crossover

3:ifrand num to crsvr or not < prob crsvr:

4: Generate two random indices for crossover
points, ensuring they are different

5: Identify the smaller and larger index to define the
crossover segments

6: Obtain segments from both parents before,
between, and after the crossover points

7: Create child_1 by combining segments of
parent 1 and parent 2

8: Create child 2 by combining segments of
parent 2 and parent 1

9: else:

10: Set child 1 to be the same as parent 1

11: Set child 2 to be the same as parent 2

12: Return child 1 and child_2 as output
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Now that we have completed the crossover
operation section and obtained two children from
the two parents, it's time to introduce some variety
and diversify our solutions. To achieve this, we
have implemented the mutation operator. This
operator acts on a specific child with a certain
probability, causing alterations in its Dbinary
representation (zeros and ones). If a one is
encountered, it will transform into a zero, and vice
versa, based on a random number comparison.

When applying the mutation operator to a
child, we iterate through its genes or alleles one by
one. Starting with the first gene, we initialize an
empty array with the same length as the child to
store the mutated version. This array is sorted at
index zero, as we proceed through the genes
sequentially. The mutation occurs if the random
number generated is less than the mutation
probability. In such cases, a zero may become a one
or a one may become a zero as depicted in
Algorithm 4. However, if the random number
exceeds the mutation probability, no mutation takes
place for that particular gene.

10: Update mutated child 1 without modification
11: Increment t by 1

12: Repeat step 2-11 for child 2

13: Return mutated child 1 and mutated child 2
as output

Algorithm 4: Random Mutation of individuals

Input:

child 1: First child for mutation.

child 2: Second child for mutation.
prob_mutation: Probability of mutation (default
value is 0.2).

Output:

mutated child 1: Offspring resulting from
mutation on child 1.

mutated child 2: Offspring resulting from
mutation on child 2.

1: Initialize empty matrices for mutated child 1
and mutated_child 2

2: Initialize a variable t to 0

3: for each element i in child 1 do

4: Generate a random number to determine whether
to perform mutation on child 1

5:ifrand num_to mutate or not 1<
prob_mutation:

6: if child 1[t] is O, setit to 1; ifitis 1, set it to O
7: Update mutated child 1 with the modified
child 1

8: Increment t by 1

9: else:

4. RESULTS AND ANALYSIS

This research investigated the optimization
of hyperparameters for an SVM machine learning
model using a genetic algorithm with the
Cardiovascular Heart Disease Dataset, sourced
from the Mendeley database. To achieve favorable
outcomes, Genetic Algorithms (GA) typically
necessitate a sizable population size to guarantee
ample variability within the elements present in the
gene pool. For GA-Support Vector Machines
(SVM), we opt for a population size of 50 and 100
generations as our objective is to identify the
optimal solution for each generation. It is essential
to maintain a record of the best-performing entity
within each generation. This compilation of the
best-performing individuals is crucial as, upon
completion of 100 generations, we create a
comprehensive list or array. This array encapsulates
the elite representatives from each generation. For
example, the first entry corresponds to the best
chromosome from the initial generation, and
subsequent entries mirror the most exceptional
mutants or offspring from subsequent generations.
Ultimately, the last entry in this collection
represents the pinnacle of achievement, embodying
the finest chromosome or most adeptly mutated
progeny from the final generation.

Ultimately, if there is no inclination to
examine the final result of our genetic algorithm's
convergence, a straightforward approach is
selecting the very best mutated child observed
throughout all generations. This involves a
systematic process wherein, at the conclusion of
each generation, we meticulously identify and
preserve the chromosome possessing the least error.
In essence, as the algorithm progresses, the superior
chromosome from each generation—characterized
by the minimal error—is diligently stored.
Consequently, if the genetic algorithm fail to
converge to a desirable solution, recourse is readily
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Encoded C (Convergence): [0. 0

Final Solution (Best): [0. 0. 0. 0. 0. 1. 1.

Decoded C (Convergence): 675.07692
Obj Value - (Convergence): 0.966
Decoded C (Best): 646.30769

Decoded Gamma (Best): 0.02443
Obj Value - (Best): 0.97

Final Solution (Convergence): [0.0.0.0.1.0.1.0.1.1.0.1.1.0.1.0.1.0. 1. 1. 1. 1. 1. 1.]
.0.0.1.0.1.0.1.1.0. 1. 1.]
Encoded Gamma (Convergence): [0. 1. 0. 1.

0.
Encoded C (Best): [0.0.0.0.0.1.1.0.0.
Encoded Gamma (Best): [0. 1.0.0.1.0.0.1.0.0.0.]

Decoded Gamma (Convergence): 0.04278

0.1.1.1.1.1. 1]
.0.0.1.1.0.1.0.0.1.0.0.1.0.0.0.]
0.1.1]

Figure 2: OPTIMIZED PARAMETER CONFIGURATION FOR MINIMIZED ERROR VALUE

available by revisiting the compilation of the best-
performing entities from each generation. By
selecting the optimal chromosome with the lowest
recorded error, one can effectively pinpoint a robust
solution.

Our objective is to identify the optimal
solution among the mutated children in the 100th
generation. This entails pinpointing the solution
toward which the algorithm converges or reaches at
the conclusion of all 100 generations. A genetic
algorithm converges, it implies that the algorithm
has identified a solution that meets the optimization
criteria, and further iterations may not result in
substantial improvements [24]. However, our
interest extends beyond merely the best solution in
the final generation; rather, we aim to ascertain the
best solution across all generations. In essence, we
seek two chromosomes as shown in Figure 2: the
one representing the optimal solution at the
algorithm's convergence point and the other
representing the best solution observed throughout
generations 1 to 100. The accuracy of the latter can
be calculated by subtracting the objective function
value from one.

We used the best value of C and Gamma
to create the model and then evaluated the model
using the confusion matrix as shown in Figure 3. It
generates four outcomes: TP (True Positive), TN
(True Negative), FP (False Positive), and FN (False
Negative).

precision recall fi-score support

5] 0.98 0.95 0.96 130

1 0.97 0.98 0.97 170

accuracy 0.97 300

macro avg 9.97 0.97 0.97 300

weighted avg 0.97 8.97 0.97 300
[[124 6]
[ 3167]]

Figure 3: CONFUSION MATRIX

We then use these measures to calculate accuracy,
sensitivity, and specificity which can be defined as
follows:

Accuracy: This is the proportion of correctly
classified instances (both true positives and true
negatives) among the total number of instances.

TP+ TN
TP+TN +FP +FN

Accuracy =

(4

3 167 + 124
T1674+ 1244+ 6+3

= 0.97

Sensitivity (Recall): This is the proportion of true
positives that are correctly identified, out of all
actual positives.
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L TP . Receiver Operating Characteristic (ROC) Curve - SVM
Sensitivity = TP TFN (5) 1ol -
/"
L
’/
167
] -
167 +3 Sraa

= 0.98

Specificity: This is the proportion of true negatives
that are correctly identified, out of all actual
negatives.

Precision: This is the proportion of true
positives out of all instances classified as positive.

TP

Precision = TP T FP

(7)

167
T 167+ 6

= 0.97

Fl-score: This is the harmonic mean of precision
and recall, giving a balance between the two
metrics.

2 # Precision * Sensitivity
Fl —score = — — (8
Precision + Sensitivity

2% 0.97 »0.98
T 0974098

= 0.97

The area under the ROC curve (AUC-ROC) is a
commonly used metric to quantify the overall
performance of a binary classification model. A
higher AUC-ROC value (closer to 1) indicates
better discrimination ability of the model across
different threshold settings as shown in Figure 4.

o
o
hY

True Positive Rate
Y

]

kS
\

\

0.24 4

00{ ¥ ROC curve (AUC = 0.97)

0.0 0.2 0.4 0.6 0.8 1.0
False Positive Rate

Figure 4: ROC CURVE

By comparing the results of the proposed model
with existing ones, benchmarking provides valuable
insights into the strengths and weaknesses of each
approach. This approach helps determine whether
the proposed method outperforms existing ones and
enhances accuracy. Table 2 illustrates the
comparison between different models and our
proposed method. The proposed method employs
an SVM classifier along with optimal
hyperparameters determined by Genetic Algorithm.
These results demonstrate the effectiveness of our
approach in accurately predicting heart disease in
patients when compared to existing models.

Gupta & Seth [25] vs. Bhowmick et al. [26] studies
utilize the UCI Heart Disease dataset with the same
number of samples (303) and features (13). Gupta
& Seth achieved a higher accuracy of 86.89%,
compared to Bhowmick et al. who achieved 83%.
This suggests that Gupta & Seth's model
outperformed Bhowmick et al.'s model in terms of
accuracy on the UCI Heart Disease dataset. Assegie
et al.[27] and Abdar et al. also used the UCI Heart
Disease dataset, but Abdar et al.[28] additionally
used the Mendeley Heart Disease dataset. Assegie
et al. achieved an accuracy of 85.2%, while Abdar
et al. achieved a slightly higher accuracy of
86.05%. The proposed model (Mendeley Heart
Disease dataset) achieved the highest accuracy of
97%.

Table 2: Benchmarking Of The Proposed Solution With Existing Heart Disease Prediction

S.No. Authors Dataset No. of Samples No. of Features Accuracy
1 Gupta & Seth, 2023[25] UCI Heart Disease 303 13 86.89%
2 Bhowmick et al., 2022[26] ~ UCI Heart Disease 303 13 83%
3 Assegie et al., 2022 [27] UCI Heart Disease 303 11 85.2%
4 Abdar et al., 2015[28] UCI Heart Disease 271 13 86.05%
5 Proposed Model Mendeley Heart Disease 1000 12 97%

e ——
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5. CONCLUSION DECLARATIONS

In  conclusion, this research has
underscored the significance of integrating genetic
algorithms with machine learning techniques to
enhance the predictive accuracy, generalizability,
and scalability of heart disease prediction models.
This research paper uses a metaheuristics approach
with genetic algorithms to improve the predictive
accuracy of heart disease models. The method
involves  optimizing  hyperparameters  and
minimizing errors. The goal is to converge towards
a specific value or accuracy, with the emphasis on
minimizing error to enhance performance. By
minimizing error and maximizing accuracy, the
SVM classifier with optimized hyperparameters
using a genetic algorithm has demonstrated its
potential to significantly improve disease prediction
accuracy. The SVM classifier with optimized
hyperparameters showed a 97% improvement in
accuracy when applied to the heart disease dataset,
outperforming previous studies. This success in the
heart disease dataset suggests that further
exploration of different disease datasets could yield
even more promising results, ultimately leading to
more accurate diagnoses and better treatment
outcomes for patients. Overall, this research
contributes to advancing the field of cardiovascular
disease prediction by introducing a novel approach
that effectively optimizes machine learning models
using genetic algorithms, ultimately improving the
accuracy and reliability of heart disease prediction.

Future research could explore various
disease datasets to improve disease prediction
accuracy. By applying the model to different
disease datasets, researchers can gain insights into
the model's generalizability and potential
limitations. Additionally, exploring various disease
datasets can help identify patterns and correlations
that may not be apparent in a single dataset, further

improving disease prediction accuracy and
treatment outcomes.
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