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Abstract— In 2021, the annual death toll due to various heart
diseases reached a staggering 18 million individuals. This excessive
mortality rate has become a pressing concern for scientists and
medical professionals alike. Fortunately, the emergence of artificial
intelligence has provided a valuable tool for decision-makers to
tackle the challenges posed by heart disease. Consequently,
numerous algorithms have been proposed to develop diverse
models tailored to specific applications. By utilizing different
analytical models, including logistic regression, decision trees,
random forests, neural networks, and deep learning models, it has
been determined that the logistic regression model achieves the
highest and most favorable metric scores. With an impressive
accuracy rate of 83%, a precision rate of 88%, and a recall rate of
86%0, this model proves to be the most effective in predicting heart
disease. Therefore, this study will significantly contribute to the
advancement of healthcare practices by harnessing the power of
big data and advanced analytical models. These insights will
provide valuable guidance in addressing critical health issues in
society in the future.
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I.  INTRODUCTION

Heart disease encompasses a range of conditions that
impact the heart. Recently, cardiovascular diseases (CVDs)
have been the primary cause of death worldwide, resulting
in 17.9 million deaths each year, as reported by the World
Health Organization [1]. Unhealthy behaviors such as
obesity, high triglyceride levels, high cholesterol, and
hypertension contribute to the increased risk of heart
disease. The American Heart Association has compiled a
list of specific symptoms to be aware of, including irregular
heartbeat, sleep problems, swollen legs, and, in some cases,
rapid weight gain of up to 1 to 2 kg per day [2]. These
symptoms can be similar to those of other diseases,
particularly those common among the elderly, making
accurate diagnosis challenging and leading to a rise in
mortality rates [3].

Over time, a plethora of research, data, and medical
records from hospitals have become increasingly
accessible. As a result, a substantial volume of data is being
generated, serving as the driving force behind today's
analytics applications. The advancement of big data
technologies has unlocked a wealth of information for
organizations, enabling them to process, manage, and
analyze various types of data [4]. It is now widely
recognized that machine learning and artificial intelligence
play a pivotal role in the healthcare sector. Various
machine learning and deep learning models can be utilized
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to diagnose, classify, or predict diseases. Nowadays,
machine learning models can effortlessly perform
comprehensive genomic data analysis while also being
trained to support knowledge-based pandemic predictions.
Additionally, medical records can undergo in-depth
analysis to construct models that yield more accurate
predictions [3].

Computer science heavily relies on data structures and
algorithms, with a wide array of algorithms designed to
achieve different objectives. These algorithms work with
diverse data structures at the same computational
complexity level. Understanding data structures is crucial
for developing efficient algorithms [6], as many algorithms
are dependent on specific data structures for optimal
functionality [5]. The research discussed in this paper
focuses on the application of machine learning and deep
learning algorithms on a Heart Disease dataset,
showcasing the superior predictive capabilities of logistic
regression algorithms over other analytical models in both
Spark and Weka environments. The research paper
primarily focuses on investigating the efficiency of several
machine learning algorithms and analytical tools in
predicting heart diseases at an early stage. The main goal is
to determine whether logistic regression is the most
effective model for accurately detecting the possibility of
developing heart disease.

The objective of the paper is to employ various
algorithms on a dataset and compare the outcomes of each
method. In this study, five machine learning algorithms for
classification and clustering, namely Logistic Regression,
Decision Tree, Random Forest, Neural Network, and Deep
Learning models, were utilized. These algorithms were
executed on both the Kaggle and Weka platforms to
conduct multiple accuracy tests on the dataset. The
rationale behind selecting these algorithms is their
suitability for the dataset, as the dependent variable
(outcome) is categorical rather than a constant value. In
simpler terms, the dataset's outcome value falls into a yes-
or-no category rather than being a continuous value.

Furthermore, these algorithms are widely recognized as
sophisticated and robust instruments for identifying and
forecasting diverse conditions. Their primary objective is
to draw logical conclusions by uncovering and analyzing
concealed patterns within a given dataset. Consequently,
employing carefully chosen machine learning algorithms
can prove invaluable in the prediction and categorization of
individuals afflicted with heart diseases. Early detection of
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these indicators can potentially mitigate the exacerbation
of symptoms and the emergence of further complications.

The outcomes of this study will make a substantial
contribution to the progress of healthcare practices,
showcasing the impact of transitioning towards a digital
and societal transformation, especially in the healthcare
sector. Additionally, this research provides valuable
perspectives on the obstacles and possibilities for
enhancing heart disease prediction, diagnosis, and
prevention. By addressing a crucial health concern in
society, the influence of digital transformation becomes
evident, enabling the utilization of artificial intelligence to
streamline processes more effectively and shape future
concepts.

Il. RELATED WORK

In earlier times, the analysis of collected data was
relatively simpler due to its limited size and lack of
diversity, owing to the slow pace of technological
advancements. However, in our present dynamic world,
data is being generated on a massive scale and in various
formats, such as videos, pdfs, and spreadsheets. Compared
to the past, the rapid emergence of technological
advancements has made it easier to handle the large
volumes of data generated on a daily basis. The
significance of effectively managing this vast amount of
data stems from its immense value across numerous fields.
For instance, in the realm of manufacturing process
management, large data sets play a crucial role in
enhancing cost and operational performance by optimizing
supply chains and resource allocation within organizations
[7]. Similarly, in the healthcare sector, the utilization of
large data sets aids decision-makers and patients alike in
making more informed choices, leading to improved
accuracy in diagnoses and disease prediction [8].

Nevertheless, extensive datasets require powerful
analytical instruments to examine information gathered
from diverse sources and interpret it. One of the most
commonly utilized tools for this purpose is machine
learning, a component of artificial intelligence that
concentrates on utilizing data to gain insights into human
thought processes in order to enhance their precision and
efficiency [9]. There are numerous data analysis tools
employed in machine learning in conjunction with large
datasets. While Microsoft Excel serves as a user-friendly
tool for this task, more sophisticated and up-to-date tools
such as the R and Python languages, Matlab, and Spark are
also available [10]. For instance, the Python language can
be utilized to handle large datasets, enabling users to
program and document data within an interactive
environment like Jupyter Notebook, which comes
equipped with pre-existing libraries for various fields,
including machine learning [10]. Additionally, Apache
Spark, another framework that utilizes Python, can be
employed for machine learning to facilitate more precise
and in-depth analysis of extensive datasets.

These tools include a wide range of models for data
analysis, such as regression and decision tree approaches.

As a result, learning and understanding how to apply
http://innove.org/ijist/
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existing analytical models is critical for their effectiveness

in a variety of applications. For example, the regression
analysis approach aids in forecasting event occurrences.
Furthermore, it identifies the elements that are more potent
in comparison to others and have a greater impact on
results, allowing for the identification of the relationship
between key components and outcomes. As a result, it
would be simpler to completely comprehend the situation
and draw an informed conclusion [11]. Some of the most
prominent regression approaches are linear regression,
logistic regression, stepwise regression, and LASSO
regression. Random forest is another analytical model that,
like decision trees, may do classification and regression
analysis depending on the issue [11].

Several methods are utilized in conjunction with the
heart disease dataset. Designing classification algorithms
has long been a critical topic of research in machine
learning and pattern recognition. Supervised machine
learning methods include the well-known linear and
logistic regression classifiers [11]. There are several
distinctions between the two classifiers. In machine
learning, linear regression is a predictive modeling
approach. The model predicts values based on independent
factors and helps identify the link between dependent and
independent variables. Logistic regression, on the other
hand, is used to divide elements of a collection into two
groups (binary classification) by computing the likelihood
of each member in the set. In other words, logistic
regression is the appropriate regression technique to use
when the dependent variable has a binary outcome [12].

Among the supervised machine learning algorithms, the
decision tree is another notable technique. It utilizes
frequency tables to make predictions and is capable of
handling both categorical and numerical variables [11].
The decision tree algorithm constructs a tree structure
where the internal nodes represent the dataset's features, the
branches depict the decision rules, and the leaf nodes
signify the final outcome and prediction [13]. As the
algorithm proceeds, it systematically breaks down the
dataset into smaller subsets while simultaneously
developing the associated decision tree. Generally,
frequency tables are employed to make predictions within
this model [13].

In addition, there is a crucial algorithm referred to as
Artificial Neural Networks (ANN) or neural networks. It is
a fundamental element of machine learning and serves as
the foundation of the deep learning methodology. ANN is
a computational structure comprised of numerous neurons,
which are mathematically illustrated to connect entities in
the physical world, functioning similarly to the biological
nervous system in detecting and understanding patterns
within the data [14]. Neural networks enable computers to
make intelligent decisions independently with minimal
human intervention. This is possible as they can learn and
replicate the complex and nonlinear relationships between
input and output data [15].

Deep learning refers to the creation of learning
algorithms that have the ability to train and make
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predictions based on complex data. The term "deep" in
deep learning refers to the number of layers in a neural
network. Specifically, it involves neural networks that
consist of more than three layers, including the input and
output layers [16]. In the field of healthcare, significant
efforts have been made to develop a system for the early
detection of heart disease using various clinical principles.
Among the algorithmic methods employed, neural
networks and deep learning play a crucial role in
identifying and predicting patients with heart disease. For
example, a study [17] proposed a strategy for predicting
cardiac disease using an ANN. The authors utilized a self-
administered questionnaire and trained the neural network
with a backpropagation algorithm, which consisted of three
hidden layers. The architecture of the network was
validated using the Dundee rank factor score and achieved
a high relative operating characteristic value (98%) on their
dataset. Overall, deep learning and neural networks offer
valuable tools for diagnosing and predicting heart disease,
contributing to early identification and improved patient
outcomes.

According to [17], a further advancement was made
through the proposal of a deep neural network and a
statistical model for feature selection. The authors of this
study employed multiple strategies to mitigate overfitting
and underfitting, resulting in a 94% accuracy rate and 93%
sensitivity.  Additionally,  they investigated the
effectiveness of ANNs with different quantities of hidden
layers, achieving close to 95.5% accuracy with five hidden
layers. Furthermore, they proposed an ANN with a
significant number of neurons in the hidden layer that
utilizes the radial basis function. In general, they achieved
approximately 97% accuracy with this setup.

The integration of these models, along with
technological advancements, has the potential to aid in the
prediction of various health issues, thereby assisting in the
prevention, treatment, and even potential cure of numerous
diseases. Heart disease has been a prominent cause of death
globally in recent years, accounting for approximately 16%
of total deaths, surpassing other factors such as stroke,
chronic illnesses, cancer, and diabetes [18]. Therefore, it is
imperative to address and research this critical issue in
order to reduce mortality rates and subsequently enhance
life expectancy. A study conducted in the United Arab
Emirates (UAE) revealed that cardiovascular diseases are
the primary cause of death in the region, largely attributed
to factors such as the unhealthy lifestyle practices of UAE
residents [19]. The study also indicates that unhealthy
habits like smoking and obesity contribute to elevated
levels of blood pressure and cholesterol, consequently
heightening the risk of developing heart disease in the
future.

By employing various analytical models, this paper
demonstrates the application of a heart disease dataset to
gain a better understanding of the issue at hand.

I11.PROPOSED METHODOLOGY

This section provides a deeper insight into the dataset

employed, any modifications made to the attributes, the
http://innove.org/ijist/
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algorithm utilized, and the equations provided to offer a

clearer understanding.

A. Data Extraction and Transformation

Within this study, the dataset employed for application
and analysis is referred to as Heart Disease Classification,
comprising 14 columns and 303 rows. Of these columns,
13 serve as independent attributes that impact the output
attribute, known as the target. The variables influencing the
output attribute and their respective terms in this
investigation are detailed below:

1. Individual's age (age).

2. Individual's sex (sex).

3. Type of chest pain experienced (chest_pain_type).

4. Blood pressure reading at rest (resting_bp).

5. Level of cholesterol in an individual (cholestoral).

6. Fasting  blood sugar level measurement
(fasting_blood_sugar).

7. Resting ECG results (restecg).

8. Maximum heart rate achieved by an individual

(max_hr).

9. The presence of exercise-induced angina (exang).

10. ST depression induced by exercise relative to rest
(oldpeak).

11. Slope of the ST segment on the ECG (slope).

12. Number of major vessels colored by fluoroscopy
(num_major_vessels).

13. Degree of thalassemia present (thal).

Various research studies have highlighted the
significance of understanding certain features to predict
and prevent heart disease in patients promptly [20]. As
individuals age, the risk of experiencing a heart attack, for
instance, tends to rise [21]. Moreover, research indicates
that men are at a higher risk of developing heart disease
[22]. Hence, it is crucial to analyze the impact and interplay
of these factors with other variables on the probability of
developing heart disease.

Further elaboration on additional characteristics reveals
that an electrocardiogram (ECG) is utilized to assess the
electrical activity of the heart during a state of rest without
any movement. The old peak refers to the measurement of
ST depression that occurs as a result of exercise in
comparison to the resting state, taking into account its slope
value.

The attributes mentioned above are labeled as
‘age’,'sex’,'chest_pain_type','resting_bp’,
‘cholestoral’,'fasting_blood_sugar', restecg','max_hr',
‘exang’,'oldpeak’,'slope’, 'num_major_vessels', 'thal’, and
‘target’ in the subsequent sections.

When it comes to data transformation, no conversion is
required as all values in the dataset are numerical, with 12
being integers and one attribute being decimals.

B. The Algorithms, diagrams, and flowcharts used.

In this paper, advanced algorithms are harnessed to
predict future outcomes and conduct comparisons to
evaluate their efficiency. As outlined below, the algorithms
employed encompass Logistic Regression, Decision Tree,
Random Forest, Neural Networks, and Deep Learning.
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Logistic Regression

A logistic regression is a statistical modeling technique
utilized for classification and predictive analytics. It
provides a binary classification outcome for the output
variable. By analyzing a dataset of independent variables,
logistic regression calculates the probability of an event
occurring, such as determining whether an email is spam or
not. As the result is a probability, the dependent variable is
constrained within the range of 0 and 1 [23].

Logistic regression plays a crucial role in artificial
intelligence (Al) and machine learning (ML). ML models,
created through logistic regression, enable users to
automate intricate data processing tasks without manual
interference. These models empower companies to extract
valuable insights from their data, which can be utilized for
predictive analysis to cut down on operational expenses,
boost productivity, and accelerate growth. For example,
businesses can identify patterns that improve employee
retention or drive more profitable product development
[23].

Logistic regression offers several advantages and
benefits compared to other machine learning techniques.
Firstly, it is known for its simplicity, making it easier to
understand and implement. Additionally, logistic
regression excels at processing large volumes of data
quickly, enabling efficient analysis. Moreover, it provides
developers with enhanced visibility into internal software
processes, surpassing other data analysis techniques [23].

Furthermore, logistic regression is widely utilized in a
multitude of industries for various practical purposes. In
the healthcare sector, medical professionals employ
logistic regression models to anticipate the likelihood of
diseases in patients, enabling them to plan preventive care
and treatment accordingly. By comparing the impact of
family history or genetic factors on diseases, researchers
can gain valuable insights. Similarly, the financial industry
can leverage logistic regression to its advantage. Financial
institutions, for instance, rely on this technique to detect
fraudulent activities by analyzing financial transactions.
Additionally, logistic regression aids in evaluating loan and
insurance applications for risk assessment. These scenarios
are well-suited for logistic regression models due to their
distinct outcomes, such as high or low risk and fraudulent
or non-fraudulent activities [23].

A comprehensive understanding of basic regression
analysis is essential to comprehending logistic regression.
The first step in any data analysis is to establish a business
question. In the case of logistic regression, it is crucial to
frame the question in a manner that produces specific
outcomes. After identifying the question, it is necessary to
identify the relevant data factors. Subsequently, past data
for all factors must be collected and processed using
regression software. The software will mathematically
connect the diverse data points through equations. By
utilizing the logistic regression equation, the software can
predict unknown values [23].

http://innove.org/ijist/
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Equations in mathematics establish the connection

between two variables, namely x and y. By illustrating the
correlation between various x and y values, these functions
or equations generate a graph on the x-axis and y-axis [23].

Within statistics, variables represent the diverse factors
or characteristics of data with varying values. Specific
variables act as independent or explanatory factors in
analyses, potentially affecting the outcome. Conversely,
there are dependent variables whose values are reliant on
the independent variables. Logistic regression is a method
used to explore and evaluate the influence of independent
variables on a dependent variable by examining the
historical data values of both [23].

Furthermore, logistic regression is a statistical model
that employs the logistic function, also known as the logit
function, represented mathematically as the equation
linking x and y [24]. Hereafter, the primary logistic
equation is presented for your reference:

e (b0+b1X)

Y = T etomm
where,

* Y = predicted output

*  X=inputvalue

*  bo = bias or intercept term

* by = coefficient for input (X)

The equation provided here shares similarities with the
linear regression formula, as it involves combining input
values in a linear manner to predict an output value using
weights or coefficient values. However, unlike linear
regression, the output value demonstrated in this instance
is binary, taking on either the value of 0 or 1, rather than a
numerical value [24].

In other words, the primary objective of logistic
regression is to identify an optimal model that accurately
characterizes the output variable as either 0 (negative class)
or 1 (positive class). Logistic regression, which is a
specialized form of linear regression, calculates the
coefficients of a formula to forecast the likelihood of the
dependent variable occurring. Consequently, it selects the
parameters that increase or decrease the probability of the
dependent event transpiring while acknowledging that the
probability of an event falls within the range of 0 to 1.
Conversely, the linear regression model does not ensure
this probability range [11].

Two crucial factors to take into account when assessing
the likelihood of the suggested binary result of the
independent variable are as follows: First, it must be
positive, which can be achieved by utilizing an exponential
function, and secondly, the probability must not exceed
one, which can be accomplished by dividing the outcome
by the sum of the outcome and one [11].
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Fig.1. Sigmoid Function of logistic regression [24].

The S-curve displayed in Figure 1 represents the
graphical representation of the logistic regression equation.
It is worth noting that the logit function exclusively
generates values ranging from 0 to 1 for the dependent
variable, regardless of the independent variable's values.
This characteristic is pivotal to logistic regression's
predictive capability for the dependent variable's value
[24].

Logistic Regression Flowchart

Within Figure 2, there is a depiction of the flow diagram
for the logistic regression model, which controls the
independent and dependent variables. This model employs
the sigmoid function to predict probabilities and define
decision boundaries [25].

Logistic regression consists of two distinct phases,
namely forward propagation and backward propagation. In
the initial stage of forward propagation, the weights are
multiplied by the features. As the weights are initially
unknown, random values can be assigned to them.
Subsequently, a sigmoid function is employed to allocate a
probability ranging from 0 to 1. The prediction is then
made based on this probability, considering a specified
threshold value. Following this, the predicted value is
compared to the observed and detected values, leading to
the creation of a loss function.

Furthermore, the loss function determines the distance
between the predicted value and the actual value. In cases
where the loss function yields a significantly high value,
backward propagation is implemented. The primary
objective of backward propagation is to optimize the
weights by utilizing the cost function, which involves
calculating derivatives [24].

Sigmoid functions play a crucial role in logistic
regression models by transforming real values into a range
between 0 and 1. These mathematical functions exhibit a
characteristic S-shaped curve and include popular
variations like the logistic function, the hyperbolic tangent,
and the arctangent. Figure 3 illustrates these common
sigmoid functions [26], with the logistic function being
commonly referred to as the sigmoid function in machine
learning.
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Fig.2. Logistic regression flowchart [25].
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Fig.3. Common Sigmoid functions [26].

All sigmoid functions share the characteristic of
mapping the entire number line into a limited range, such
as0to1or-1tol. This property enables sigmoid functions
to convert real values into probabilities that can be easily
interpreted [26]. Among the various sigmoid functions, the
logistic sigmoid function is particularly popular, as it
transforms any real-valued input into a value between 0 and
1[26].

The logistic sigmoid function is defined in the
following way:

1
1+e*

o(z) =

Decision Tree

Decision tree methodology serves as a widely utilized
and powerful tool for data mining endeavors, facilitating
the establishment of classification systems based on
multiple covariates or the development of prediction
algorithms for a specific target variable. The decision tree
itself takes the form of a flowchart resembling a tree
structure, featuring root nodes, internal nodes, and leaf
nodes. This non-parametric algorithm is well-equipped to
handle extensive, intricate datasets without the need for a
complex parametric structure. In cases where the sample
size is sufficiently large, the data can be partitioned into
training and validation/testing datasets. The training
dataset is employed for constructing a decision tree model,
while the validation dataset assists in determining the
optimal tree size for achieving the best final model.

In the field of medical research, decision tree
methodology has become increasingly prevalent. A notable
example is its use in diagnosing medical conditions by
analyzing symptom patterns. The decision tree enables the
classification of conditions into distinct clinical subtypes or
identifies patients who necessitate diverse treatments.

Decision tree models come in different types depending
on their application, including categorical variable decision
trees and continuous variable decision trees. Moreover,
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machine learning employs two types of decision tree
algorithms: classification trees and regression trees. These
algorithms are part of machine learning methodologies and
are utilized for developing prediction models from specific
datasets. In particular, the regression tree algorithm is
effective when dealing with continuous or numeric
response variables, as opposed to categorical ones.

Moreover, the tree is employed for predicting target
values. Regression trees are applicable for datasets with
quantitative data such as temperature and price [27]. In
contrast, classification trees are utilized when the target
variable is categorical, aiding in identifying the class where
the target variable is most likely to be categorized.
Classification trees are useful for dividing the response
variable into mainly two classes: Yes or No [27]. For
instance, they can be used to predict which students will or
will not graduate from high school [28].

There are several typical applications of decision tree
models, which are as follows [29]:

1. Variable selection: The number of variables that
are routinely monitored in clinical settings has
increased intensely with the introduction of
electronic data storage. Many of these variables are
not crucial and relevant and, thus, should probably
not be included in data mining exercises. Like
stepwise variable selection in regression analysis,
decision tree methods can be used to select the most
appropriate input variables that should be used to
form decision tree models, which can subsequently
be used to formulate clinical hypotheses and update
following research.

2. Evaluating the comparative importance of
variables: Once a set of relevant variables is
identified, researchers may want to know which
variables play key roles. One way to compute
variable importance is through model accuracy
reduction if a variable is removed. In most
situations, the more records a variable influences,
the greater the importance of the variable will be.

3. Handling missing values: A common method of
handling missing data is to exclude cases with
missing values. This is ineffective and runs the risk
of introducing bias in the analysis. Decision tree
analysis can deal with missing data in two ways.
Firstly, it can classify missing values as a separate
category that can be analyzed with the other
categories. Secondly, it can use a built-in decision
tree model that sets the variable with many missing
values as a target variable to make a prediction and
replace these missing ones with the predicted one.

4. Prediction: This is one of the most significant
usages of decision tree models. Using the tree
model derived from historical data, it is easy to
predict the results in future analyses.

5. Data manipulation: Too many categories of one
categorical variable or heavily continuous data are
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common in medical research. In these conditions,

decision tree models can help in deciding how to
best collapse and breakdown categorical variables
into a more manageable number of categories or
how to split the heavy variables into series.

A decision tree serves as a classification technique that
repetitively segments a dataset into smaller subdivisions by
applying a series of tests at each branch or node of the tree
(see Figure 4). The tree comprises a root node at the top,
internal nodes for splits, and terminal nodes for leaves.
Each node in a decision tree has a single parent node and
two or more descendant nodes. In this process, the dataset
is classified by progressively dividing it based on the
decision framework established by the tree, assigning a
class label to each observation according to the leaf node it
is associated with.

Fig.4. A decision tree classifier [30].

At every node, denoted as a box, tests (represented as
T) are conducted to divide the data into progressively
smaller groups. The class labels (A, B, and C) assigned to
each observation are associated with the leaf nodes [30].

How decision tree works

There are multiple approaches to choosing the optimal
attribute at each node in decision tree models. Among these
approaches, information gain and Gini impurity serve as
widely used splitting criteria. Both methods aid in
evaluating the effectiveness of test conditions and their
ability to classify samples into specific classes. Entropy, a
metric derived from information theory, quantifies the
impurity of sample values. It is mathematically defined by
the formula [31]:

Entropy($) = = ) p(©)log, p(c)

ceC

where,

*  Sis the data set that entropy is calculated

* cistheclassesinset S

* p(c) is the proportion of data points that belong to
class ¢ to the number of total data points in set S.

Entropy values can vary from 0 to 1. When all samples
in a data set, S, are assigned to a single class, the entropy
will be zero. Conversely, if half of the samples are
classified as one class and the other half as another class,
the entropy will reach its maximum value of 1. In order to
select the optimal feature and discover the most suitable
decision tree, the attribute with the lowest entropy should
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be utilized. Information gain measures the difference in
entropy before and after a split based on a specific attribute.
The attribute with the highest information gain will result
in the most effective split, accurately classifying the
training data based on its target classification. Information
gain is commonly represented by the formula [31]:

IS, |

Information Gain (S, a) = Entropy (S) — s

VeVcealues(a)

Entropy(S,)

where,

e aisaspecific attribute or class label

e Entropy(S) is the entropy of dataset S

* |Sv}/|9] is the proportion of the values in S, to the
number of values in dataset S

*  Entropy (Sy) is the entropy of dataset Sy

Gini impurity quantifies the chance of misclassifying
random data points in a dataset when labels are assigned
based on the dataset's class distribution. If a set S is pure
(i.e., it consists of only one class), then its impurity is zero.
The formula for Gini impurity is given by [31]:

Gini Impurity =1 — z (r)?
i

In order to ensure a successful machine learning model,
it is crucial to achieve a 'good fit'. This entails finding the
right balance between underfitting and overfitting.
Therefore, it is important to consider the metrics of
classification evaluation, such as precision and recall [32].
Precision can be defined as the proportion of relevant
instances among all retrieved instances. In the context of
our problem statement, precision would measure the
number of patients correctly classified as having a heart
disease out of all the patients classified as positive.
Mathematically, this can be represented as follows [32]:

True Positives (TP)
True Positives (TP)+False Positives (FP)

Precision =

In contrast, the recall signifies the ratio of retrieved
instances compared to all relevant instances. Another
mathematical representation of this concept is provided as
follows [32]:

TP
TP + False Negatives (FN)

Recall =

Both recall and precision metrics are valuable for
conducting an analysis. In this paper, you will discover the
practical application of both metric tools as well as a
comprehensive examination of the accuracy score for each
model. The evaluation metric, which will be thoroughly
analyzed and discussed, is the focal point of this research.

Decision trees offer numerous benefits over
conventional supervised classification methods, like
maximum likelihood classification in remote sensing. They
are nonparametric, eliminating the need for assumptions or
extensive computation on input data distributions [30].
Moreover, decision trees can effectively manage nonlinear
relationships between features and classes, accommodate
missing values, address multi-output issues, and process
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both numeric and categorical inputs in a visually intuitive

manner.

Decision trees provide a clear indication of the most
important fields or variables for prediction or classification.
Additionally, they are capable of managing large datasets
and can be parallelized for improved processing time. It is
worth noting that decision trees are appealing due to their
explicit  classification  structure, which is both
computationally efficient to construct and easy to interpret
[33].

Despite its advantages, the decision tree method has its
weaknesses. Complex decision trees are prone to
overfitting and struggle to generalize the data effectively, a
phenomenon known as overfitting. To address this issue,
various techniques can be employed, such as simplifying
the tree, setting the minimum number of samples required
at a leaf node, or limiting the maximum depth of the tree.
Furthermore, decision trees can be sensitive to minor data
variations, resulting in significantly different trees.
Additionally, Scikit-learn, a popular machine learning
library in Python, does not fully support decision trees.
Although it includes a decision tree module, it lacks
support for categorical variables. Lastly, training a decision
tree model can be computationally intensive compared to
other algorithms [34].

Random Forest

The research also utilizes the Random Forest algorithm,
which is widely favored among data scientists. This
supervised machine learning algorithm is commonly
applied in classification and regression tasks. By
constructing decision trees on various samples and
aggregating their majority votes for classification, as well
as calculating averages in regression models, Random
Forest proves to be a versatile tool. Notably, it excels at
handling datasets with both continuous and categorical
variables, making it suitable for various classification and
regression tasks [35].

Random forest is an ensemble learning technique that
consists of multiple individual decision trees. The concept
of ensemble involves combining several models together.
Instead of relying on a single model, a collection of models
is utilized to make predictions [35]. Ensemble learning
employs two methods: bagging and boosting. Bagging is a
meta-algorithm in machine learning that aims to enhance
the stability and accuracy of statistical classification and
regression algorithms [36]. This is achieved by randomly
sampling a replacement from the original dataset. Each
element in the bagging process has an equal probability of
appearing in a new dataset. In the case of random forest,
bagging is used when decision tree models with higher
variance are present. Additionally, random feature
selection is employed to grow the trees. A random forest is
formed by combining several random trees [37].

Nevertheless, the boosting technique aims to construct

a robust classifier by combining multiple weak classifiers.

This is achieved by sequentially building a model using

weak models. The final model, such as ADA BOOST and
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XG BOOST, exhibits the highest accuracy [35]. Increasing
the number of trees in the forest results in improved
accuracy and helps avoid overfitting issues [38]. The
diagram provided below illustrates the functionality of the
random forest algorithm:

Training Training Training
Data Data eoe Data
1 2 n
Training ¢ ¢ ¢
Set Decision Decision Decision
Tree Tree Tree

i

Voting
(averaging)

v

Prediction

Test Set

Fig.5. The random forest algorithm process [38].

There are certain steps involved in random forest
algorithms. Initially, a subgroup of data points and a
subgroup of features are selected for building each decision
tree. Simply put, n random records and m features are taken
from the dataset with k records. Secondly, individual
decision trees are constructed for each sample. Then, each
decision tree will generate an output. Lastly, final output is
considered based on majority voting or averaging for
classification and regression, respectively [38].

When utilized for classification or regression problems,
the random forest algorithm presents several significant
advantages and challenges. A key advantage of this
approach is its capacity to address the issue of overfitting.
To elaborate, by incorporating a large number of decision
trees in a random forest, the classifier avoids overfitting the
model, as the averaging of uncorrelated trees effectively
reduces both the overall variance and prediction error.

In addition, random forests offer flexibility by
predicting missing values while maintaining accuracy even
with incomplete data. Stability is ensured through majority
voting or averaging, leading to consistent outcomes. The
algorithm also simplifies the assessment of variable
importance and contribution to the model. Diversity is a
crucial characteristic of random forests, where not all
attributes are considered when building individual trees,
resulting in diverse trees. Each tree in the random forest
randomly selects a subset of features at the node's splitting
point [39].

On the other hand, the random forest method presents
certain obstacles. Despite its ability to effectively handle
large datasets and generate precise predictions, this model
tends to slow down when processing extensive data due to
the computation required for each individual decision tree.
Additionally, utilizing a random forest necessitates a
greater allocation of resources for computation and data
storage [39].

The random forest algorithm has been implemented
across diverse industries, enabling organizations to
enhance their decision-making processes and improve
operational efficiency. In the finance sector, random forest

is a preferred choice due to its effectiveness in minimizin
%tt;?/r/?nnove.orgﬁ Jli st/ g
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the time required for data management and preprocessing

tasks. It is commonly utilized for evaluating high-risk
credit card customers, detecting fraud, and addressing
pricing issues.

Moreover, health professionals within the healthcare
sector have the opportunity to employ this algorithm. It can
be integrated into computational biology, empowering
doctors to tackle challenges such as gene expression
classification, sequence annotation, and biomarker
discovery. As a result, doctors can forecast drug responses
to specific medications [39]. Despite being comprised of
decision trees, random forests exhibit distinct behaviors.
The following table delineates the primary differences
between the two algorithms.

TABLE I: COMPARISON BETWEEN DECISION TREE AND
RANDOM FOREST MODELS [35].

Decision trees Random Forest

Random forests are
created from subsections
of data, and the final
output is based on
average or majority
ranking; hence, the
problem of overfitting is
taken care of.

It is relatively slower.

Decision trees normally
encounter an overfitting
problem if they are
allowed to grow without
any control.

A single decision tree is
quicker to compute.
When a data set with

It does not use any set of

features is taken as input
by a decision tree, it will
frame some rules to make

formulas since it
randomly selects
observations, builds a

decision tree, and takes
the average result.

predictions.

Random Forest Flowchart

Original
dataset

Define outliers
Delete missing data
After
processing
dataset

Testing Training
dataset dataset
Random
forest
models

Grid search

Cross-validation__
Best
models

Prediction
results

Fig.6. Random Forest Flowchart [40].

In Figure 6, the flow diagram illustrates the random
forest model, which comprises a group of decision trees.
The model preprocesses the data and randomly selects
samples from the dataset for training. For each selected
sample, a decision tree is created within the random forest
model, which is trained without fine-tuning. Subsequently,
grid search is conducted with 5-fold cross-validation and
various parameter combinations, including the number of
trees in the random forest. Additionally, the model
determines the optimal function for feature numbers at each
split, the number of levels in the tree, and the method of
selecting samples for training each tree. Both the2£(13ini
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criterion and the entropy criterion are utilized to evaluate
the quality of the tree and the accuracy of the model [40].

Neural Network & Deep learning

Furthermore, apart from the previously mentioned
models, there are two groundbreaking algorithms
employed to enhance the precision of daily predicaments:
neural networks and deep learning. Essentially, a neural
network comprises three components: an input layer,
hidden layers, and an output layer. On the other hand, deep
learning encompasses a collection of neural networks that
collaborate in a manner that efficiently handles vast
quantities of data [41] [42]. Neural networks aid in the
identification of concealed patterns and connections within
data. This approach is widely utilized in various
applications, such as financial forecasting, analysis of user
behavior, and disease mapping [41].

Deep learning is often seen as more challenging and
intricate than other methods, such as decision trees and
random forests, due to the involvement of multiple neural
networks. Despite this complexity, deep learning is
essential for handling large datasets, which is a necessity
for data scientists and specialists [42]. Multilayer
perceptrons, a popular deep learning technique, are
commonly used on social media platforms like Instagram
for tasks such as image data compression and classification
problem-solving [42].

While there are several models that can be utilized for
the heart disease dataset, certain methods, such as linear
regression and natural language processing (NLP), are not
suitable. Linear regression is an analytical approach that
employs algorithms to demonstrate the correlation between
a dependent variable and independent variables. Its
objective is to forecast future events or outcomes [43]. This
regression model is typically employed with categorical or
continuous  variables.  Consequently, it becomes
challenging to apply this model to the heart disease dataset
due to the binary nature of the output.

NLP, or natural language processing, is a significant
aspect of computer science that involves training
computers to comprehend and analyze text and spoken
words. This method serves various purposes, including
summarizing text rapidly, responding to spoken
commands, and translating text into multiple languages
[44]. NLP finds applications in digital assistants and
consumer services, enhancing business operations,
productivity, and the management of crucial processes.
However, similar to linear regression, NLP cannot be
applied to the heart disease dataset due to the absence of a
text variable [44].

IV. APPLICATION

The study was conducted using an accessible database
focusing on heart disease. The dataset consists of 14
attributes and 303 records, which were split into a training
set (80%) and a testing set (20%). Two data mining tools—
the Spark environment in Kaggle and Weka 3.8.6
software—were utilized for this purpose. Various

aﬂtat\a(}/l%arl]lovrgg% Ist/such as regression with multilayer
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perceptron using deep learning, multilayer perceptron

using a neural network with backpropagation, and
multinomial logistic regression, were employed as training
algorithms. Detailed information on the codes used, coding
environment, data visualization, statistical analysis, and
findings of the analysis can be found.

A. Code used and environment

The software environment utilized in this document is
referred to as Apache Spark. Essentially, it is a platform
that offers APIs designed for handling extensive data sets
across distributed datasets, along with a wide array of
libraries and tools to enhance code productivity [11]. As
illustrated in Figure 7, the Spark modeling model
comprises three main processes: initiating Spark
applications through the driver, executing designated tasks
via executors, and managing resource allocation through
the cluster manager [11].

In order to take advantage of this environment, users
make use of an online platform called Kaggle. This
platform allows users to create models and work with
datasets. As shown in Figure 8, the initial code is used to
install the Spark session and download all the necessary
packages and libraries for the subsequent analysis.
Additional libraries are imported to perform statistical
operations such as plotting, vector assembly, confusion
matrix, and more when applying the three models: logistic
regression, decision tree, random forest, ANN, and deep
learning models.

>

uar Task Tesk

I 3
2 L
g, s

Tasks

Cluster Manager

Fig.7. Spark programming model [11].

Fig.8. Installing Spark and libraries code.

Additionally, Weka is a user-friendly and no-cost data
mining tool equipped with a collection of Java libraries that
facilitate the creation of machine learning algorithms and
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classifiers. The acronym Weka stands for Waikato
Environment for Knowledge Analysis [45]. During the
execution of models in Weka, the 10-fold cross-validation
technique is employed. This technique involves randomly
dividing the dataset into 10 portions and repeating this
process 10 times, with one portion designated for testing
and the remaining portions utilized for training [46].

B. Data Visualization and distribution

After uploading the dataset and starting a new Spark
session, you can see a table of the first 20 rows in Figure 9.
To ensure that all values are numerical, the printed schema
shows that all types are either integers or decimals without
any string or text values. From there, there is no need to do
any conversion (see Figure 10).

Fig.9. Heart disease dataset values — showing top 20 rows.

df .printSchemal( )

root

g_bp: integer (n
-- cholestora ger (
-- fasting_blood_sugar: integer (nullable = tr
-- restecg: integer (nullable = true)

x_hr: 3 lable - )

ullable =
nullab:

Chr: integer
-- axang: integer (n -
-- oldpeak: double (nullable = true)
-- slope: integer (nullable = true)

- num_major_ves intege
-- thal: integer (nullable - true)
- target: integer (nullable = true)

Fig.10. Heart disease dataset variables and their types.

Another code is used to count the columns and rows of
this dataset. You can see that there are 303 rows and 14
columns in the used data, where the class variable of this
dataset is 'target' (see Figure 11). Also, you can find a
summary of the various statistical measures of this dataset:
mean, standard deviation, minimum, and maximum values
(see Figure 12).

Fig.11. Number of columns and rows.

o 1 2 3 4

summary count mean stadev min max

age 303
sex 303

chest pain_type 302
resting bp 303
cholestoral 303
fasting_blood_sugar 203
restecg 303

max_hr 303

exang 303

slope 303

num_major_vessels 303

target 303

54.366336633663366

0.6831683168316832

0.066006609669067  1.03

131.6.

623764

246.26402640264027

0.1485148514851483

0.528052805280528

675 0.46979446452231655 o 1

thal 303 2313

0.5445544554455446

9.08210098983786 23 77

0.466010823339623385 o 1

1804822083

428135171 94 200

51.83075098793005 126 564

035619 07644 o 1

596359298

516111491409 71 202

0.6162261453459622 o 2

063649693276 0 4

0.4988347841643915 o 1

Fig.12. Summary of the numerical variables.

The summary shows that the average age of participants

is around 54 years, and the majority are males. Also, the
oldest one is 77 years old, while the youngest one is 29

years old. Most of the participants have the first type of
http://innove.org/ijist/
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chest pain, considering that there are three types of chest

pain. The highest blood pressure measured is 200 mmHg,
while the lowest measured is 94 mmHg. This explains the
high standard deviation of this variable (~17.5). However,
cholesterol values have the highest standard deviation
(~52) compared to other variables. This can be explained
by the vast gap between the calculated values; its minimum
and maximum values are 126 and 564 mg/dL, respectively.

When the groupBy function is used to see the summary
of the output variable, it shows that the average age of
people with heart diseases is ~52 years, and the average age
of healthy people is ~57 years. The differences that can be
noticed are having chest pain, an increase in resting heart
rate (restecg), an increase in maximum heart rate, and a
decrease in both exang and oldpeak values (see Figure 13).

Fig.13. Summary of the target variable.

One of the advantages of using this dataset is that there
are no missing values (see Figure 14). The importance of
having a dataset without missing values comes from the
fear of algorithm failure, having incorrect results, and a
lack of precision in the analysis afterwards [47]. Also, the
groupBy function shows that 165 out of 303 patients are
diagnosed with heart disease (see Figure 15).

from pyspark funct import isnan, whe
df . se

age sex chestpain type resting bp cholestoral fasting blood_sugar restecg max i exang oldpeak slope num_major_vessels thal target

Fig.14. Checking for any missing values.

df.groupBy( 'target’).count().show()

et
| target| count |
EE et
| 1| 165]
| e| 138
Homooeoooot

Fig.15. Number of patients with heart disease (1 = Have heart
disease; 0 = healthy).

To see the distribution of features within the dataset,
you can find graphs of that in Figure 16. You can notice
that several values follow roughly a normal distribution
shape, like age, resting bp, cholesterol, and max_hr.
Figures 17 to 23 show various visualizations of different
variables. For instance, the second chest pain type is the
dominant compared to the other types, as shown in the pie
chart. Also, scatter plots show a null-or-no relationship
between the drawn variables (see Figures 19 and 20). If you
look at the boxplots, you will find that most participants in
this dataset are between 50 and 60 years old, thal type is
more likely to fall between 2 and 3, and most cholesterol
levels are between 200 and 300 mg/dL (see Figures 21-23).
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Distribution of features

CHEST_PAIN_TYPE RESTING_BF
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\\\\\\
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Fig.16. Distribution of features.

Target Chart Bar Chart - age against oldpeak
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Fig.17. Bar chart of target variable (left), and age and oldpeak (right).
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Fig.18. Pie chart of chest_pain_type categories

Scatter Chart - cholestoral against resting_bp
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Fig.19. Scatter plot of cholestoral against resting_bp categories

Scatter Chart - resting_bp against max_hr
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Fig.20. Scatter plot of resting_bp against max_hr categories
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Fig.21. Boxplot of age variable
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Fig.22. Boxplot of thal variable
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Fig.23. Boxplot of cholestoral variable

C. Statistical analysis

When calculating the correlation between the input
variables and the output variable using the “pearson”
method, four variables showed a good correlation between
them and the output: chest_pain_type, restecg, max_hr, and
slope (see Figure 24). Chest_pain_type and max_hr have
the highest correlation with the class label with ~0.4
correlation, followed by slope with ~0.3 correlation, and
restecg with ~0.1 correlation. This gives us an indicator of
the effect of all these factors on the possibility of having
heart disease.

e sex chestpumtype testiegbp cholestorsl tastieq blood sugsr  restect  manhi g okipesk  shpe tummaorveweh il

tarpet

Fig.24. Correlation between variables.

Moreover, when repeating the same process using
Weka software, seven variables showed a good correlation
between them and the output: thal, exang, oldpeak,
max_hr, num_major_vessels, chest_pain_type, and slope
(see Figure 25). thal has the highest correlation with the
class label with ~0.48 correlation, followed by exang with
~0.44 correlation, followed by oldpeak with ~0.43
correlation. This emphasizes the effect of chest_pain_type,
max_hr and slope on the possibility of having heart disease.
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=== Attribute Selection on all input data ===

Search Method:
Attribute ranking.

[Attribute Evaluator (supervised, Class (nominal): 14 target):
Correlation Ranking Filter

[Ranked attributes:

0.483 13 thal

0.4368 9 exang

0.4307 10 oldpeak

0.4217 8 max_hr

0.3917 12 num major_vessels

0.3817 3 chest_pain_type

0.3459 11 slope

0.280% 2 sex

0.225¢ 1 age

0.144% 4 resting_bp

0.1372 7 restecg

0.0852 S cholestoral

0.028 6 fasting blood sugar

Selected attributes: 13,9,10,8,12,3,11,2,1,4,7,5,6 : 13

Fig.25. Correlation between variables and the output using Weka.

For the logistic regression, all the input columns
are assembled into one single vector, including all the
input features of the model. Then, the dataset is split
to train and evaluate the performance of the logistic
regression model using an 80/20 ratio to train our
model on 80% of the dataset, where 80% of this data
is 238 out of 303. After that, the splitting for the
training and testing sets is verified, as shown below.

training_df.groupBy('target").count().show() test_df.count()
test_df.groupBy( ' target’).count().show()

target|count|
R
1| 124|
o] 114
R

Fooeeent
Pl

S

Fig.26. Splitting verification of the training set (left) and testing set (right).

After training the predictions, the correct
predictions based on the training set are 124, with
around 83% prediction accuracy. As shown in Figure
27, the model predicts 36 true positives and 18 true
negatives, while it gives predictions of 6 false
positives and 5 false negatives.

Confusion matrix
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Fig.27. Confusion Matrix of the logistic regression model.

As shown below, the Receiver Operating
Characteristic curve (ROC) helps in deciding the
threshold value for the model. Two parameters are
used in plotting this curve: the true positive rate and
the false positive rate. A random classifier is drawn as

a dashed diagonal line to see how far this curve is
http://innove.org/ijist/
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from this dashed line. A good classifier stays toward

the top-left corner, as far as possible from that line,
and this graph shows that this classifier performs well.
Since this is close to 0.93, this confirms that the model
does a good job of classifying data.

ROC Curve
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Training set aresUnderROC: ©.9319468024982963

Fig.28. ROC of the logistic regression.

When using Weka to run the logistic regression, it
gives an ~82.5% prediction accuracy, which is equal
to the value calculated by Spark (see Figure 29). The
model predicted 53 out of 303 values incorrectly,
where the correct ones reflect a good indicator of the
model's performance.

Fig.29. Summary of the logistic regression analysis using Weka.

For the decision tree model, all the input features
are assigned to X and the output variable to Y (see
Figure 30). Then, the dataset is split again to train and
evaluate the performance of the decision tree model
using the 80/20 ratio.

Fig.30. Separating variables to X and Y.

AN s,

Fig.31. Initial Decision Tree plot.
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As you can see above, it shows the initial plot of the
model. To make it clearer for interpretation and analysis,
another code is used, and the outcome is shown below (see
Figure 32).
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Fig.32. Another Decision Tree plot.

chest_pain_type <= 0.5
gini = 0.494
samples = 242
value = [108, 134]
class = target-No

/

Fig.33. Zoomed image of the root node of the model.

Based on Gini ratio, chest_pain_type is the root node
with the most strength and influence (see Figure 33),
followed by num_major_vessels and age variables—an
internal and decision node—with more decision-making
based on the other variables to decide if the patient has a
less or more chance of having a heart disease. Therefore,
chest pain type is the root factor and most informative
attribute that increases or decreases the possibility of
having a heart attack.

After training the model and creating a decision tree
classifier object, the calculated accuracy prediction is
~74%. As shown in Figure 34, the model predicts 22 true
positives and 23 true negatives, while giving predictions of
8 false positives and 8 false negatives.
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'Fig.34. Confusion Matrix of the Decision Tree model.
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In regard to the last model, a Random Forest Classifier

is imported after splitting data again to train and evaluate
the performance of the random forest model using an 80/20
ratio. From that, the accuracy score is around 78% with
~22% error rate. As shown in Figure 35, the model predicts
18 true positives and 26 true negatives, while it gives
predictions of 4 false positives and 8 false negatives.

[[18. 8.]
[ 4. 26.]]

Fig.35. Confusion Matrix of the Random Forest model.

When using Weka to run the decision tree and random
forest models, it gives an ~76.2% prediction accuracy for
the decision tree model and an ~81.2% prediction accuracy
for the other model. The accuracy scores are nearly similar
to the results calculated by Spark (see Figures 36-38).
From that, it is emphasized that Weka is a time-saving tool
to help a data scientist, for instance, work efficiently and
predict outcomes effectively.

=== Summary ===
Correctly Classified Instances 231 76.2376 %
Incorrectly Classified Instances T2 23.7624 %
Kappa statistic 0.5209
Mean absolute error 0.2377
Root meen squared erzor 0.2862
Relative absolute error 47.918 %
Root relative squared error 97.6237
Total Number of Instances 303
=== Detailed Accuracy By Class ===
TF Rate FP Rate Precision Recall F-Measure MOC ROC Area FPRC Area Class
0.73¢  0.218  0.738 0.73%  0.738 0.521L  0.765 0.670 0
0.782 0.261 0.782 0.782 0.782 0.521 0.7865 0.735 1
Weighted Avg.  0.762  0.241  0.762 0.762  0.762 0.521  0.765 0.705
=== Confusion Matrix ===
a b <- classified as
W02 361 a=10
36120 | b=1

Fig.36. Summary of the decision tree analysis using Weka.

=== Summary ==

Correctly Classified Instances 246
Incorrectly Classified Instances 57

Kappa statistic 0.6178
Mean absolute error 0.2677
Root mean squared error 0.3574
Relative absolute error 53.9544 %
Root relative squared error 71.7586 %

o
o
i
=1
o=

Total Number of Instances 303
== Detailed Accuracy By Class =——=
TP Rate FP Rate Precision Recall F-Measure MCC ROC Area PRC Area Class
0.746  0.133  0.824 0.746 783 0.620 0.877 ]
0.867  0.254  0.803 0.867 .834 0.620 0.508 1
Weighted Avg.  0.812  0.199  0.813 0.812  0.811 0.620 0.834
== Confusion Matrix =——=
a b < classified as
103 35| a=0
22183 | b=1

Fig.37. Summary of the random forest analysis using Weka.

a b <—- classified as a b <-- classified as
lo2 36 | a=10 103 35 | a=>0
36 129 | b=1 22 143 | =1

Fig.38. Confusion Matrices of decision tree model (left) and random forest

(right) using Weka.

To check the importance of each feature, the following

code is used:

rfModel. featureImportances
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TABLE Il. FEATURE IMPORTANCE

Importance
Feature Name Score
thal 0.2286
chest_pain_type 0.1806
num_major_vessels 0.1341
max_hr 0.0981
oldpeak 0.09
age 0.0813
resting_bp 0.0388
exang 0.0367
cholestoral 0.0319
sex 0.0255
restecg 0.0242
slope 0.0218
fasting_blood sugar 0.0083

It shows that thal variable is the most important and
useful variable that contributes the most to model
predictions (0.2286 score), followed by chest_pain_type
and num_major_vessels (0.1806 and 0.1341, respectively).
The variable with the least effect according to this model is
fasting_blood_sugar with a 0.0083 score (see Table I1).

Using Weka, the following screenshot shows the effect
of each feature on the model (see Figure 39). You can
notice that the results are approximately the same, where
thal, chest_pain_type, and num_major_vessels are the most
influencing factors compared to the other ones.

=== Attribute Selection on all input data ===

Search Method:
Attribute ranking.

Attribute Evaluator (supervised, Class (nominal): 14 target):
Information Gain Ranking Filter

Ranked attributes:

0.2133 13 thal

0.2046 3 chest _pain type
0.1617 12 num major vessels
0.1585 10 oldpeak

0.1422 9 exang

0.1297 8 max hr

0.1157 11 slope

0.0602 1 age

0.0591 2 sex

o 5 cholestoral

o 6 fasting blood sugar

i} 4 resting bp

i} 7 restecg

Selected attributes: 13,3,12,10,9,8,11,1,2,5,6,4,7 : 13

Fig.39. Feature importance based on Weka calculations.

In addition, a neural network analysis is done for the
dataset using both Spark and Weka. To do that, a
Perceptron Classifier is used along with other needed
functions and libraries. In Spark, the best accuracy result is
~68.7% using 35 hidden layers. In contrast, the accuracy
score calculated by Weka is ~77.9% using 10 hidden layers
(see Figures 40-43). The difference between them is
around 10%, and that comes from the difference between
the two tools, their libraries, and the hidden layers effect.

Fig.40. Codes used in Spark to run the neural network model.
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Fig.41. Confusion Matrix of the neural network model.

E== Summary ==

[orrectly Classified Instances 236 77.8878
Incorrectly Classified Instances &1 22.1122 &
(appa Statistic 0.5545

Mean absolute error 0.2186

oot mean squared error 0.4374

elative absolute error 44.06 %

oot relative squared error 87.8188 &

Total Number of Instances 303

[ Detailed Accuracy By Class ——=

TP Rate FP Rate Precision Recall F-Measure MCC

0.761  0.206  0.75§ 0.761  0.758 0.554
0.794  0.235  0.799 0.794  0.796 0.554 !
feighted Avg. 0.779  0.224  0.779 0.779  0.77% 0.554  0.859 0.855

E== Confusion Matrix ===

a b < classified as
105 331 a=0
341311 B=1

Fig.42. Summary of the neural network analysis using Weka.
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Fig.43. The neural network of the heart dataset.

Finally, a deep learning model is applied to this dataset
again, along with a multilayer perceptron using Weka only.
The calculated accuracy of this model is ~81.5%, which is
a good one, showing the benefit of using such a model in
doing heart disease analysis to help diagnose urgent cases
(see Figures 44-46).

—= Summary —
Correctly Classified Instances 247 81.5182 §
Incorrectly Classified Instances 56 18.4818 &
Kappa statistic 0.6265
Mean absclute error 0.2433
[Root mean squared error 0.364
Relative absolute error 49.0507 &
[Root relative squared errer 73.0839 %
Total Number of Instances 303
——- Detailed Accuracy By Class ———
TP Rate FP Rate FErecision Recall F-Measure MCC ROC Area ERC Area Class
0.783  0.158  0.806 0.783  0.794 0.627  0.889 0.87¢ 0
0.842 0.217  0.822 0.842  0.832 0.627 1
Weighted Avg.  0.815  0.130  0.815 0.815  0.815 0.627
=== Confusion Matrix ===
a b < classified as
08 30| a=10
26139 | Dp=1

Fig.44. Summary of the deep learning analysis using Weka.
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Fig.45. Threshold plot (left) and cost/benefit curve (right) of the deep
learning analysis using Weka.

Fig.46. Classifier error of the deep learning analysis using Weka.

D. Results

From the above discussion and analysis, you can notice
that both logistic regression and deep learning models have
the highest accuracy scores compared to the other models,
which still have acceptable accuracy scores over 70%.
With this type of data, where there are two results, it is
better to use more than one analytical model, like deep
learning supported by logistic regression algorithms. The
analysis shows that the error rate of the decision tree model
is the highest, taking into consideration that the best error
rate needs to be close to zero.

TABLE Ill. COMPARISON BETWEEN ACCURACY SCORES OF
THE FIVE MODELS USING ALL ATTRIBUTES

Vol. 8- No. 1- March 2024
the fact that deep learning analytical methods give better

accuracy throughout random voting and taking the average
of the outcome. The average accuracy score is between
76.0% and 80.4%, which is an indicator of the good
efficiency of the model's performance. Still, further
analysis is needed using additional datasets and attributes
to improve the models' accuracy.

TABLE IV. COMPARISON BETWEEN ACCURACY SCORES OF
THE FIVE MODELS USING SELECTED ATTRIBUTES

e Accuracy Score (Spark Accuracy Score (Weka)-

el Dl -82)//20 ratif) par9 10-fold}(/:ross vafidatio%
Logistic Regression ~83.8% ~82.8%
Decision Tree ~73.8% ~74.6%
Random Forest ~73.1% ~80.5%
Neural Network ~73.1% ~80.5%
Deep Learning - ~83.8%
Average Score ~76.0% ~80.4%

Error Accuracy Accuracy Score

Rate Score using 75/25 ratio
Logistic Regression ~16.9% ~83.1% ~82.0%
Decision Tree ~26.0% ~74.0% ~72.0%
Random Forest ~22.0% ~78.6% ~76.0%
Neural Network (using Weka) ~22.1% ~77.9% ~84.2%
Deep Learning (using weka) ~18.5% ~81.5% ~81.6%
Average Score - 78.9% ~79.2%

When comparing it to the Random Forest model, you
can see that the last one gives more accurate predictions
because of its more complex and networked structure.
Therefore, it is considered better for making future
predictions, and that is understandable since random forest
models represent a collection of decision trees. Similarly,
accuracy scores are not that different from the ones
calculated using the 75/25 ratio; the accuracy decreased for
all models except for neural networks and deep learning
models (see Table I11).

E. Using selected attributes

After calculating the significance of attributes, it is a
good point to run analytical models using selected
attributes to test the effect of that on model accuracy, as
shown below. When comparing the results in Table IV with
the previous ones in Table Ill, you can notice that the
accuracy value decreased for all analytical models except
for the logistic regression model. Two possible reasons for
that can be the nature of the data—the binary outcome—or

http://innove.org/ijist/

only showing top 20 rows

Fig.47. Selected attributes with high info gain.

—— Surmary —

Correctly Classified Instances 251 82.8383 3
Incorrectly Classified Instances 52 17.1617 %
Kappa statistic 0.6515

Mean absolute error 0.2403

[Root mean squared error 0.3607

[Relative absolute error 48.4356 3

[Root relative squared error 72.4127 3

Total Number of Instances 303

— Detailed Accuracy By Class —

TP Rate FP Rate Precision Recall F-Measure MOC ROC Area FRC Area Class
0.768  0.121  0.841 0.768 0.654 0 0.850 0
0.879  0.232  0.819 0.879 .6 0.654  0.88 0.856 1
[#eighted Zvg. 0.828  0.181  0.82% 0.828  0.827 0.654  0.883 0.854

=== Confusion Matrix ===

a b <- classified as
106 32| a=0
20145 | b=1

Fig.48. Logistic regression model for selected attributes using Weka.

——= Summary =—=

Correctly Classified Instances 226 74.5875 %
Incorrectly Classified Instances 77 25.4125 %
Kappa statistic 0.4843

Mean absolute error 0.2547

Root mean squared error 0.5023

Relative sbsolute error 51.3412 %

Root relative squared error 100.8606 &

Total Number of Instances 303

== Detailed Accuracy By Class ==

TP Rate FP Rate FPrecision Recall

F-Measure MOC ROC Zrea PRC Rrea Class
0.681  0.200  0.740 0.661 0.

0

0

0.486  0.744 0.652 0
C 0.744 0.714 1
0.744 0.686

0.800  0.319  0.750 0.800
Weighted Avg. 0.746  0.265  0.746 0.726

=== Confusion Matrix ===

a b < classified as
94 44| a=0
331321 k=1

Fig.49. Decision tree model for selected attributes using Weka.
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=== Summary ==

Correctly Classified Instances
Incorrectly Classified Instances
Kappa statistic

Mean absolute error

Root mean squared error
Relative absolute error

Root relative squared error
Total Number of Instances

=== Detailed Accuracy By Class =—=
0.746  0.145
0.855  0.254
Weighted Avg.  0.805  0.204
== Confusion Matrix =—
a b < classified as

103 35| a=0
24141 | b=1

TP Rate FP Rate Precision Recall

244 80.5281 %
59 19.4719 %

0.6049
0.2503
0.3739

50.4554 %
75.0686 %
303

F-Measure
0.811 0.746  0.777
0.801 0.855  0.827
0.806 0.805  0.804

McC

0.607
0.607
0.607

PRC Zrea Class
0.883 0
0.887 1
0.885

Fig.50. Random forest model for selected attributes using Weka.

=== Summary ===

Correctly Classified Instances
Incorrectly Classified Instances
Kappa statistic

Mean absolute error

Root mean squered erzor
Relative absolute error

Root relative squared error
Total Number of Instances

== Detailed Accuracy By Class —

=== Confusion Matrix ===

a b <- classified as
107 31| a
286 137 | b

0
1

TP Rate FP Rate Precision Recall

244 80.5281 %
59 19.4719 %

0.6067
0.2063
0.3967

41.5764 &
79,6576 %
303

0.7795  0.170  0.793 0.775  0.784
0.830  0.225  0.815 0.830  0.823
Weighted Xvg. 0.805  0.200  0.205 0.805  0.205

F-Measure MCC

0.607
0.607
0.607

ROC Area FRC Area Class

0.874
0.874
0.874

0.846 0
0.873 1
0.861

Fig.51. Neural network model for selected attributes using Weka.

=== Summary ===

Correctly Classified Instances
Incorrectly Classified Instances
Kappe statistic

Mean absolute error

Root mean squared error
Relative absolute error

RooT relative squared error
Total Number of Instances

== Detailed Accuracy By Class ——

=== Confusion Matrix ===

a b <-- classified as
107 311 a=0
18 147 | b=1

254 83.8284 %
45 16.1716 &

0.6714

0.2444

0.3568
19,2649 %
71.6363 %
303

TE Rate FP Rate Precision Recall F-Measure
0.775  0.108  0.856 0.775  0.814
0.891  0.225  0.826 0.891  0.857

Weighted Zvg. 0.338  0.172  0.340 0.838  0.837

MCC
0.674
0.672
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PRC Area Class

0.892 0
0.859 1
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Fig.52. Deep learning model for selected attributes using Weka.
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Fig.53. Confusion matrix of logistic regression model for selected

attributes using Spark.
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Fig.54. Confusion matrix of decision tree model for selected attributes
using Spark.
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Fig.55. Accuracy calculations and confusion matrix of random forest
model for selected attributes using Spark.
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Fig.56. Confusion matrix of neural network model for selected attributes
using Spark.

Other metrics to be discussed and analyzed in this
section are precision and recall. Using the previous
confusion matrices of the analytical models above, you can
find in Table V an overview of the results for the three
values—oprecision, recall, and accuracy—to visualize them
easily so as to compare between them and take advantage
of these values.

Precision measures how often our models have been
true in predicting and computing the probability that cases
or patients are correctly classified with positive values. It is
a useful tool in terms of having a target that your built
system is as correct as possible without considering the
negative values. In regard to heart disease analysis,
precision is important since it can be used to build an
effective system that can identify a user's heart condition.
This can be done only if it successfully predicts users' heart
conditions, which means that high precision is needed to
save both time and money for an organization intending to
own such a system.

From Table V, you can notice that the higher precision
value is achieved by the logistic regression model with
around 88%, followed by deep learning and neural network
models with around 78% and 76%, respectively. The model
with the lowest precision score is the random forest one
with a value less than 70%, which is most probably not
acceptable in the healthcare sector—besides other sectors
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where precision value is critical. Interestingly, precision
values are higher for models that used all variables, which
is an indication of the significance of the most variables
included in the analysis instead of removing some of them.

In contrast, the recall metric measures how often our
models have been true in correctly classifying a case or
patient with the highest positive value among all the real
positives. It is a useful tool in terms of classifying an event
that has already happened, where the focus is on the real
positives as much as possible while the real negatives are
neglected. Since our discussion is about a health issue, a
high recall value is needed for heart disease detection in
patients, considering that this event has already occurred.
In other words, it will be risky for a patient to be falsely
classified as having a heart disease, so it is important to
avoid false negatives by working with recall values.

Remarkably, recall values of the five models are high
(over 70%), which is a good indicator of the strength of
using these models along with the used dataset. You can
notice from Table V that the logistic regression, random
forest, and deep learning models achieved the highest recall
scores with around 86%, 82%, and 81%, respectively. The
lowest recall values go to the decision tree and neural
network models with around 73% and 76%, respectively,
and this can be explained by the lower complexity and
efficiency of these models compared to the other ones.
Surprisingly, the recall values of deep learning and
decision tree models when using selected attributes
increased noticeably, but that is not evidence of the
accuracy of these values since the precision values do not
support the recall ones. From there, more work needs to be
done in analyzing the recall value, since it has a critical role
in determining patients' conditions.

TABLE V. COMPARISON BETWEEN PRECISION, RECALL AND
ACCURACY VALUES OF THE FIVE MODELS

Analytical Model* Precision Recall Accuracy
Logistic Regression 87.8% 85.7% 83.1%
Decision Tree 73.3% 73.3% 73.8%
Random Forest 69.2% 81.8% 78.6%
Neural Network (Weka) 76.1% 75.5% 77.9%
Deep Learning (Weka) 78.3% 80.6% 81.5%
Logistic Regression** 87.5% 83.3% 83.8%
Decision Tree** 66.7% 76.9% 73.8%
Random Forest** 67.9% 76.0% 73.2%
Neural Network (Weka)** 71.0% 71.0% 73.1%
Deep Learning (Weka)** 77.5% 85.6% 83.8%

* Models that were run using Weka software are noted, otherwise calculations
were taken from Spark analysis.

** Results for the five models applied and analyzed at selected attributes as
discussed previously.

V. CONCLUSION

This study has examined the impact and advantages of
utilizing big data to predict the risk of heart disease in
patients. Various analytical models were employed to
predict heart disease based on several factors, with the most
significant ones being the type of chest pain, thalassemia
degree, and number of major vessels. Additionally,
secondary factors such as age, maximum heart rate value,
old peak, and ST segment's slope were considered. Each
model has its own specific applications, and it appears that
logistic regression and deep learning offer better analysis
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of the heart disease dataset. The findings of this paper are

supported by numerous papers and discussions. According
to [48], the neural network technique can effectively design
a diagnostic system to predict heart disease risk levels with
an accuracy of approximately 100%, using attributes
similar to those used in this study. Another analysis, using
the same heart disease dataset as this paper, yielded similar
results: an accuracy score of approximately 87% using the
Random Forest Classifier, approximately 79% using both
the Logistic Regression Model and the Support Vector
Classifier, and approximately 81% using the Multilayer
Perceptron Classifier [49].

As per a different publication [20], the Naive Bayes
classifier and Sequential Minimal Optimization models can
be effectively applied with similar datasets and attributes
to yield superior outcomes. These two models exhibited
enhanced performance with an accuracy rate of
approximately  84.5%, surpassing the Multilayer
Perceptron's accuracy of around 82%. To delve deeper into
this subject, exploring alternative machine learning
models, such as diverse deep learning techniques, on
comparable datasets is recommended. Moreover,
implementing additional strategies, such as augmenting
data volume to address weak correlations, creating novel
features, focusing solely on essential attributes, and
integrating hidden layers, can further enhance results. In
the UAE, heart disease emerges as the primary cause of
fatalities, emphasizing the critical nature of leveraging
artificial intelligence to address and prevent this issue in the
future. The outcomes of this study underscore the potential
of artificial intelligence and data utilization in driving
digital and societal transformations. By harnessing the
power of artificial intelligence alongside data-driven
methodologies, healthcare professionals can strengthen
their capacity to detect, manage, and prevent heart disease,
ultimately leading to improved patient outcomes and
societal well-being.
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