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Abstract

Heart disease is a leading cause of death worldwide, and early prediction and diagnosis are crucial for effective
treatment. In this study, we propose a novel approach for heart disease prediction by using feature selection,
XGBoost, Ensemble-Feature-Optimization, and a multi-label classification method. The proposed model aims to
improve the accuracy of heart disease prediction by selecting relevant features from the dataset, optimizing
the feature ensemble, and applying a multi-label classification method to handle the multiple diseases
associated with heart disease. To evaluate the performance of the proposed model, we used two datasets, the
Cleveland and Statlog heart disease datasets, which consist of patients with various attributes, such as age, sex,
blood pressure, and cholesterol levels. We compared the performance of our proposed model with other
machine learning state-of-the-art approaches, using various performance metrics, including accuracy,
precision, recall, specificity, and F1-score.The experimental results show that our proposed model outperforms
other state-of-the-art approaches in terms of prediction accuracy and other performance metrics. The
proposed model achieves an accuracy of 99.5% on the Cleveland dataset and 99.95% on the Statlog dataset.
Our approach offers a promising method for heart disease prediction and diagnosis, and the results
demonstrate the potential of this approach for improving heart disease treatment and management.
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1 Introduction

Heart disease is a prevalent health condition that
affects millions of people worldwide and is a
leading cause of death [1]. Early prediction and
diagnosis of heart disease are crucial for effective
treatment and  management. With the
advancement of machine learning algorithms,
predicting heart disease using patient data has
become possible [2]. Machine learning algorithms
can help identify relevant patterns and
relationships between patient data and heart
disease outcomes [3].In recent years, several
machine learning algorithms have been applied to
heart disease prediction, including Decision-Trees
(DT) [4], Random-Forests (RF) [5], Support-Vector-
Machines (SVM) [6], and Neural-Networks [7].
Heart disease prediction using machine learning
algorithms has shown great potential in providing

accurate and timely diagnosis, but there are
several challenges that need to be addressed to
ensure the effectiveness and reliability of the
prediction models [8]. One of the major challenges
is the lack of high-quality data for training the
models. The accuracy and reliability of the
prediction models heavily depend on the quality
and quantity of data used for training. There may
be issues with missing or incomplete data, noisy
data, or biased data, which can lead to inaccurate
predictions [9]. Another issue is the choice of
features and algorithms. Selecting the most
relevant features and algorithms that can
effectively capture the underlying patterns and
relationships between the data and heart disease
outcomes is critical for the accuracy and
performance of the models [10]. However, the
selection process can be complex and requires
domain expertise and knowledge.Addressing these
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challenges is critical to ensuring the effectiveness
and reliability of machine learning algorithms for
heart disease prediction and improving the
diagnosis and treatment of heart disease.

Feature optimization methods are increasingly
being used to address some of the issues in heart
disease prediction using machine learning
algorithms. For example, feature selection [10] and
feature ensemble optimization methods [11] can
help address the issue of lack of high-quality data
by identifying the most relevant features from the
dataset that are crucial for the accurate prediction
of heart disease. By selecting only the most
informative and relevant features, these methods
can reduce the impact of noise, missing or biased
data and improve the accuracy of the models.
Feature optimization methods can also help with
the issue of selecting the most appropriate
algorithms and features [12]. By identifying the
best features to use for prediction, feature
selection methods can help to select the most
relevant input features for the algorithms, which
can lead to improved accuracy and efficiency of
the models [13]. Similarly, feature ensemble
optimization = methods can help capture
complementary information from different subsets
of features, leading to improved accuracy and
robustness of the model [14]. Moreover, feature
optimization methods can help with the
interpretability of the models by identifying the
most relevant and informative features used for
prediction. This can help improve the transparency
and explain-ability of the models, which can be
crucial for clinical decision-making and acceptance
in the medical community [15]. In summary,
feature optimization methods have the potential
to overcome several issues in heart disease
prediction using machine learning algorithms by
identifying the most relevant features, selecting
appropriate algorithms, and improving the
interpretability of the models. These methods can
ultimately lead to more accurate and efficient
heart disease prediction models and help improve
the diagnosis and treatment of heart disease [16].
Hence, in this paper, we propose a novel approach
for heart disease prediction by using feature
selection, XGBoost, Ensemble-Feature-
Optimization, and a multi-label classification
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method. The contributions of the proposed work
are given as follows:

1. The proposed model has been presented
utilizing the XGBoost Algorithm, Ensemble-
Feature-Optimization, and multi-label
classification method to provide better
prediction accuracy for heart disease
prediction.

2. The proposed model presents a novel feature
selection method for the selection of
important features from the dataset.

3. The proposed model optimizes the XGBoost
tree construction and provides the best tree-
structure for heart disease prediction.

4. The proposed model improves the accuracy
of prediction for heart disease prediction
using the multi-label classification model.

2 Literature Survey

In this section, a study on the existing works which
utilize the feature selection method for the
classification of the heart-diseases has been
conducted. In [17], they examine the performance
of many popular classification methods under the
supervision of a predetermined collection of
features. Feature-selection is crucial because it
minimizes considerably the duration and money
spent on training prediction models by filtering out
unnecessary data. Logistic-Regression, Random
Forest, Naive Bayes, andExtra Trees were
all considered classification algorithms, having
features identified utilizing Least-Absolute-
Shrinkage and Selection-Operator (LASSO) and
Ridge-Regression. When feature-selection
was applied to classifiers, they became
significantly more accurate. When compared to
the results obtained through Ridge-Regression, the
results obtained using Lasso regression are, on
average, 33.3% more accurate than those obtained
using Ridge-Regression.Using appropriate features
selected utilizing a variety of feature-selection
approaches, the authors of [18] conducted an in-
depth assessment of the effectiveness of
algorithms created through methods based on
machine learning. Symmetrical-Uncertainty,
ReliefF, Chi-Square, and Principal-Component-
Analysis (PCA), were employed to analyze four
commonly utilized heart disease datasets and
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generate unique feature sets. Then, several
classification methods were utilized to build
models, which were then evaluated to find the
best possible feature sets for accurately predicting
problems with the heart. This study shows that the
advantages of selecting features change depending
on the ML method applied to the various heart
datasets they analyzed. Their top approach,
nevertheless, combined the Chi-squared selection
of features alongside the BayesNet algorithm to
yield an accuracy rate of 85 percent across all
datasets.In  order to keep improving the
performance of machine learning methods, the
authors of [19] use techniques based on evolution
including the Genetic-Algorithm (GA) as well as
Particle-Swarm-Optimization (PSO) to conduct
feature-selection. Both PSO and GA were used in
selecting features alongside J48, Support-Vector-
Machine (SVM), and Naive Bayes (NB). Once the
most important features have been chosen, the
selection of features algorithm's performance is
measured through implementing methods from
machine learning to both the whole dataset and
the trimmed-down version that comprises the
dataset. The accuracy of selecting features
strategies for predicting heart disease has been
evaluated using five distinct machine learning
methods: Naive-Bayes (NB), Support-Vector-
Machines (SVM), Decision Trees (DT), Logistic-
Regression (LR), and the Random-Forest (RF)
algorithm. According to the findings, GA is the best
method for selecting features because it improves
accuracy in predictions more than any of the
others.

In [20], In this research, they utilize an optimized
selection of features to create a heart disease
model for prediction that is both accurate and
efficient. In the first stage of processing, data is
cleaned, transformed, values that are missing are
imputed, and the information is normalized.
Following that, the best characteristics are chosen
using the Decision-making Function-based Chaotic-
Salp-Swarm  (DFCSS) algorithm. Next, the
Improved-Elman-Neural-Network (IENN) utilizes
the attributes that were chosen in order to classify
the data. In this case, the optimum weight for the
IENN is calculated using the Sail-Fish-Optimization
(SFO) technique. Predicting heart disease is made
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easier with the DFCSS-IENN-based SFO method.
Cleveland dataset and the Cardio-Vascular-Disease
(CVD) dataset are used for implementing the
intended (DFCSS-IESFO) technique within the
Python environment. Simulation results
demonstrated that the suggested approach
outperformed different classifiers including the
SVM, K-Nearest-Neighbor, Elman-Neural-Network,
Decision-Tree, Gaussian Naive-Bayes, Random-
Forest, and Logistical egression by a wide margin
when applied to the CVD dataset and by a similar
margin when applied to the Cleveland dataset.In
the current investigation, researchers have created
an automated method based on an evaluation of
the efficacy of numerous machine learning
strategies, as described in [21]. The dataset was
initially utilized by popular machine learning
methods for predicting diseases, including
RF, NB, KNN, and SVM. Using 3-way cross-
validation helps remove the possibility of bias in
the results. NBachieves the highest average
accuracy at 87.78 percent. It may be said that the
model's performance is satisfactory. They have
also used a GAto maximize the features of the
dataset. After being optimized, the NB has the
maximum average accuracy of 96 percent.This
study [22] created a feature-selection-based
ensemble classification framework where only a
subset of characteristics contributes to the
classifying process. As a result, a classification
strategy was developed for heart disease detection
by combining ensemble training, a GA, selecting
features, and biological testing values. From this
data, researchers infer that the feature-selecting
method's value changes depending on the specific
predictive modeling approach that has been used.
The most effective proposed approach,
nevertheless, relies on a hybrid of the GA and the
ensemble learning approach, which achieves an
accuracy of 97.57 percent on the datasets under
consideration. The proposed diagnostic system
successfully identified heart disease with higher
accuracy than any other approach proposed to
date.

3 Methodology

The section introduces a methodology of an
ensemble feature optimization model for designing
an effective heart disease prediction model. In this
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proposed machine learning model for heart
disease prediction, we have modified the process
of feature selection during the XGBoost algorithm
using the minimized objective function. Figure 5.1
shows the architecture of the proposed model.

Multi-Class
“lassificati

Step 2

Figure 1. Architecture for the proposed model.
3.1 Data Preprocessing

Data preprocessing is an important step in
machine learning, and it is especially crucial when
using the XGBoost algorithm. The Cleveland and
Statlog datasets require several preprocessing
steps before they can be used with XGBoost. The
first step in preprocessing the data is to load the
dataset into a data frame and check for missing
values. If there are any missing values, they can be
dropped or imputed using appropriate techniques.
The next step is to encode categorical variables
into numerical values using methods such as one-
hot encoding. After encoding the categorical
variables, the dataset can be split into training and
testing sets using appropriate libraries such as sci-
kit-learn. It is crucial to ensure that the data is split
randomly to avoid any biases. Standardizing the
features to have a mean of 0 and a standard
deviation of 1 can help improve the performance
of the XGBoost algorithm.The next step is to
perform feature selection to select the most
important features. In this work, the feature
selection technique which has been used has been
presented in the below section which has been
used to select the most important features.

3.2 XGBoost Prediction Algorithm

In this section, the XGBoost Algorithm which has
been used for heart-disease prediction has been
discussed. In the XGBoost algorithm, first, we take
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the dataset and analyze it. After analyzing it, the
complete  dataset is represented asE =
{(yj,zj);j =1..0,y; € S",Zj € S},where, o is the
data sample which has all the n features. Further,
in this work, we use Z; for representing the final
outcome of the prediction. The Z; is evaluated by
the given below equation

L
2 = Zgz(y,-), g €G
-1

where, g; is used for representing the various
distinct regression-trees, gl(yj) is used for
representing the outcome of the prediction which
has been acquired through the "_tree using the jth-
sample of the dataset. The g; and all its
corresponding features are attained by utilizing the
minimization model. The minimization model can
be represented using the given below equation

0= Zo: m(z;, %) + ZL: B(g)
j=1 =1

where, m is used for representing the loss-
operation during the training that evaluates the
difference among the actual-value z; and
forecasted-value Z;. Overfitting can be prevented
by employing the variable 8, that penalizes the
presented model’s complexity. Further the S is
defined using the given below equation

1
Blg) = 8U +Zullx|?

where, i and § are the two variables which have

been used as the regularization-variables, U is used

for denoting the leaf-size, x is used for denoting

the various scores attained by different leaves. The

summation method is used to generate the

ensemble tree. Further, in this work, we have
5 ()

considered a variable Z;™ that is used for denoting

the outcome of the prediction for the u-tree using
the jth—sample of the dataset. Also, in this work, the
distinct regression-trees g, have been utilized and
has been added to the objective-function
represented as 0™ to reduce the O™, This is
represented by the given below equation
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o

0w = Z m (2,27 + g.(3)) + B(a)

j=1

The Equation (4) has been further reduced by
discarding the constant parameters through the
Second-Order  Taylor-Expansion.  After  the
expansion the following equation is attained

2 1 2
0w = Z [hjgj(yj) + gijgu(yj) ] +£(9)
j=1

where, h; denotes the gradient having the first-
order on the basis of m. The h; is represented using
the given below equation

y = 0,00m(z, 2~") (6)

where, i; denotes the gradient having the first-
order on the basis of m. The i; is represented using

the given below equation
l] = az?('u—l)m(Zj, ZA]-(u_l)) (7)
j

From this the O™ for predicting the heart-disease
is attained using the following equation

o
1
0 = Z [hjgj(yj) + gijgu(yj')z] +oU
=1

U
1 2
+E,u2xk
k=1

Simplifying the Equation (8), the given below
equation is attained

v (9)
0w == h 1 i
== j 1553 L
j=1| \Jj€Jk JEJk
+u |xg|+ 68U

where, ], is used for denoting the set of samples of
leaves of the gradient-tree k. The J is represented
using the given below equation

Vol 44 No. 7
July 2023

been optinfdded represented as x; is denoted as
given in the below equation

L+

Xk

The tree-size which has been optimized is
accumulated from the below equation
U
Bl H
2 ] [k + 1%z

) + 86U

where, Hy, is represented using the below equation
JEJk

Also, the I, is represented using the below

JEJk

equation

The tree-size which has been optimized is
represented as 0°. The OSis used for defining the
complete structured tree and the tree quality
which is represented using r. When the value of
the r is small, the tree-structure will be the best. It
has to be noted that when the given dataset is
imbalanced or during the process of selection of
features if the features are not selected properly,
then the XGBoost model won’t provide higher
accuracy. Hence, to resolve this issue, an Ensemble
Feature Optimization (EFO) has been provided in
the next section.

3.3 Ensemble Feature Optimization

The process of selection of features in the XGBoost
Algorithm is performed by utilizing the K-fold cross-
validation process which is given using the
following equation

V(o) =%Z > P (5.0 0.0))

k=1 jeG_g

Nevertheless, while using the K-fold cross-

Je = {j|r(yj = k)}alidation process there exists some limitat{a03,

where, r is used for denoting the static size of the
k. Further, the weights of the leaves j which have

i.e., it does not provide the best relationship for the
various features which are present in the heart-
disease dataset. Hence, due to this the accuracy for
the prediction of the heart-disease can be
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impacted. Hence, in this work, the K-fold cross-
validation process which has been modified is
proposed and is represented using the following
equation

N

V(o) =$Zi > P(5.8.0(.0))

s=1k=1 jeG_

where, M is used for denoting the training-size for
the prediction of heart-disease, P(+) is used for

denoting the loss-function and g;"(f)(-) has been
used for denoting the co-efficient-functions. By
using the K-fold cross-validation process which has
been modified, initially, the feature subset is
attained and further the features which have been
selected are utilized for the construction of an
ensemble-based prediction model for the heart
disease by decreasing the error attained during the
prediction in an iterative way. This is done using
the following equation
6 = argmin CV, (o)
o€{o1,...01}

The presented prediction model for the heart
disease provides accurate results for the binary
classified datasets, but fails to provide better
accuracy for the multi-label classified datasets.
Hence, this work proposed a model which will
provide better accuracy for the heart disease
prediction when the dataset is multi-label
classified. The multi-label classification model has
been presented in the next section.

3.4 Multi-label classification Model

In this section, to provide better accuracy for the
heart-disease prediction by selecting the most
important features and by providing ranks
whenever the dataset is of multi-label, a modelhas
been presented. This model comprises of three
steps. In the first step, the complete heart-disease
dataset which is multi-label is considered and
represented as E. Further, the dataset Eis then
segmented randomly into differentK — folds
having similar sizes. Consider that the size of the
K — folds is 1, then the following variable E~¥ has
been defined to represent that the k" heart-
disease row samples have been discarded for
training samples of the outer-level and E* has
been defined to represent the k" heart-disease

1
CV(g; o) = M_hz

1 S H
CVs(g;00) = M_hsz Z
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samples which have been considered and will be
utilized for the validation of the testing samples of
the outer-level. By configuring the S, the following
steps which have been presented below are

repeated.
(16)

1. For the prediction of the heart-disease,
the dataset E~* is further arbitrarily divided into
H — folds having similar sizes, i.e.,, Vh = 1to H.

A. Accomplish H by using the heart-disease
dataset E*" where h™ samples have been
discarded for training dataset at the inner-level and
E*" where h"samples are considered for the
testing dataset at the inner-level. VI = 1 has been
used for denoting the size utilized for the formation
of the grid during the selection of features process
and ranking-process.

l. - The prediction model g, for the heart-disease

is constructed using the given below equation
90, =@y, 9B ),

Il. By utilizing the estimated loss-functional error
which has been attained by the testing samples at
the inner-level and also by using the prediction
model §,, the testing samples EX" at the inner-

level can be obtained using the given equation

gan = Z P (bj'g\(E_kh;o-l))

jEE_kh

B. For each [ layer, the H — folds errors have to
be computed. Hence, every row of the M, inside
the I” layer for the K™ sample can have various
cross-validations. Hence, this is defined using the
following equation

H

P (b, §(E™"5 )

h=1 jEE_kh

C. In an iterative way, by utilizing the S for various
layers of [, the error in the cross-validation is
evaluated for M, inside Ilfor the K™ sample using
the below equation

P (b, G(E"; )

s=1h=1 jeg~kh
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1 With each permutation of layer [, the model
obtains a more convincing optimized feature, using
the following equation
6, = arg min CVs(g; 0;)
o€fo1,01}

2 Further, by utilizing the gradient-descent
method, the optimized features are chosen using

r(a) = {

Using the above r(-), the following subset of all
available features is determined using the following
equation
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the minimization method. Using the ranking of
features function r(-), the features are selected
using the final features subset for designing the
prediction model for heart-disease. The r(-) has
been defir@&)using the given below equation

0 if n;j is not chosen (23)
1 if n; is chosen as final predictive model j = 1,2,3, ...,n

Es’ = {T(Tll), T'(Tll), L] T'(Tln)}, (24)

For providing the best accuracy for the multi-label
classification dataset, only the features which have
the highest weight or highest rank (most important

features are selected) on the basis of various
K — folds are selected using the following
equation

ES‘k = {r(nl)'r(nl)' ...,T'(Tln)} (25)

In the second step of this model, this work
evaluates the samples for selecting the best
features which are inside the final feature subset

having higher rank. The best feature subset is
chosen using the following equation

stinal={fs(p1)‘fs(”2)‘---.fs(nn)}’ (26)

where, f;(-) has been used for denoting whether
the feature has been selected or not selected. The

Fy(a) =

In the final step, the Equation (25) is used for
establishing the best subset for the n'features
which have been selected. In Equation (25), the nt"
has been used for representing the overall selected
features by considering that it will provide the
important features for the prediction of the heart-
disease. The results for the heart-disease
prediction using the proposed model have been
presented in the next section. The results show
that the proposed model attains better
performance in comparison to the existing models.

4 Results and Discussions

This section discusses the prediction of the heart
disease by using the presented model and
compares its results with the existing models [25].
To analyse the performance of the existing models

K
0 if q;is chosen lesser than > times,j = 1,2,3,...,n

complete process of selection is given using the
following equation

(27)

K
1 if q; is chosen greater or equal to 7 times,j = 1,2,3,..,n

and the presented model, the Cleveland dataset
[23] as well as the Statlog dataset [24] have been
used. Detailed description of the datasets has been
given in the below sections. The Python-3
framework has been used for predicting the heart
disease. Both the datasets have been data
augmented for increasing the size of the dataset.
The performance metrics (ROC) like specificity,
sensitivity, f-measure, precision and accuracy have
been used to validate the prediction which has
been made. The following equation is used for
evaluating the accuracy

TP + TN
TP + FP + TN + FN

Accuracy =

The following equation is used for evaluating recall
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TP

Recall = m

The following equation is used for evaluating
specificity

TN
Specificity = TN—-I-FP

The following equation is used for evaluating
precision

TP

P c s —
recision —TP T FP

The following equation is used for evaluating f-

measure
2 X Precision X Sensitivity
measure = — ——
Precision X Sensitivity
4.1 Cleveland Dataset

The Cleveland dataset is a widely used dataset in
the field of machine learning for predicting heart
disease. It contains a total of 303 instances, with
each instance having 14 attributes that provide
information on clinical, demographic, and risk
factor parameters. The target variable is a binary
variable that indicates the presence or absence of
heart disease. The dataset was collected from the
Cleveland Clinic Foundation in the late 1980s and
has been used for various research studies. The
Cleveland dataset is commonly used as a
benchmark dataset for heart disease prediction
models and is freely available for research
purposes. More information can be obtained from

[23].
4.2 Statlog Dataset

The Statlog dataset is another commonly used
dataset for predicting heart disease in machine
learning research. It contains a total of 270
instances, with each instance having 13 attributes
that provide information on clinical and
demographic parameters. The target variable is
also a binary variable that indicates the presence
or absence of heart disease. The dataset was
collected from four different medical centers in the
United States and is also freely available for
research purposes. The Statlog dataset has been
studies to evaluate the

used in several
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performanc@9pf machine learning algorithms.
More information can be obtained from [24].

4.3 Performance Evaluation for the Cleveland
Dataset

In this secti(:lgrp,)the performance evaluation for the
Cleveland dataset has been conducted. In results
have been shown in Figure 2. The results have
been compared with the [25]. The results show
that the proposed model has performed
betterwhen@a}npared with other models.

Performance Evaluation for the Cleveland Dataset

=

ez v

Figure 2. Performance Evaluation for the Cleveland
Dataset.

4.4 Performance Evaluation for the Statlog
Dataset

In this section, the performance evaluation for the
Statlog dataset has been conducted. In results
have been shown in Figure 3. The results have
been compared with the [25]. The results show
that the proposed model has performed better
when compared with other models.

Performance Evaluation for the Statlog Dataset

VS /"\\/
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Figure 3. Performance Evaluation for the Statlog
Dataset.

4.5 Comparative Study

In this section, the comparative study has been
conducted. In this section, the proposed model has
been compared with the existing SVM-EBO [26]
and EFO [11] models. The results show that by
using the feature optimization method and multi-
label classification, the proposed model attains
better result in terms of specificity, precision,
recall, accuracy and F-Measure.

5 Conclusion

Comparitive Study

EF( Fi

Figure 4. Comparative Study.

SVM-EBO oposed Model

1 100
1
1

Heart disease prediction is an important area of
research that has the potential to improve patient
outcomes and reduce healthcare costs. Machine
learning algorithms have shown promise in
predicting heart disease, but there are also several
challenges associated with this approach, including
data quality, feature selection, and model
accuracy. In this study, we investigated the use of
feature optimization methods using XGBoost,
ensemble feature optimization, and multi-label
classification to improve the accuracy and
efficiency of heart disease prediction.We used the
Cleveland and Statlog datasets to train and
evaluate our model, and we found that our
approach resulted in a significant improvement in
model performance compared to other state-of-
the-art models. Our results showed that the use of
feature optimization methods can help identify the
most relevant features from the dataset. The
results of our experiment demonstrate the
potential of this approach for improving the
accuracy and efficiency of heart disease prediction,
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which could have significant implications for
patient care and clinical decision making. Overall,
our study highlights the importance of using
advanced machine learning algorithms and feature
optimization methods for heart disease prediction.
The results suggest that these approaches have
the potential to significantly improve the accuracy
and efficiency of heart disease prediction, and may
have important implications for clinical practice
and patient outcomes. Further research is needed
to explore the use of these approaches in real-
world settings and to assess their impact on
patient care and healthcare costs.
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