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ABSTRACT

Heart Disease (HD) is the primary cause of death worldwide, and its early detection poses challenges for phy-
sicians due to a high probability of false positives resulting from the large number of features. To address this
issue, Feature Selection (FS) is being employed to identify the most significant feature subsets for HD classi-
fication. FS aims to accomplish two main objectives: (1) reducing the number of features and (2) enhancing
the classification performance of the selected features. However, most current approaches treat FS as a single
objective, combining these aims into one. Consequently, this research introduces a multi-objective FS ap-
proach that treats the number of selected features and classification performance as distinct objectives to avoid
conflicts arising from a single objective. The study utilizes the Non-dominated Sorting Genetic Algorithm
(NSGA-III), a bi-directional elimination-based method, as the optimization algorithm during the search pro-
cess. The proposed method is evaluated on nine HD datasets of varying complexity, employing five Machine
Learning (ML) classifiers as evaluation measures. The results demonstrate that the proposed method performs
favorably on most datasets in terms of both the number of selected features and classification performance.
The accuracy of each ML classifier surpasses its respective Sensitivity, Specificity, and F-Measure. Support
Vector Machine (SVM) excels in terms of the number of selected features, while Decision Tree Classifier
(DTC) exhibits superior classification accuracy. K-Nearest Neighbors (KNN) yields promising results for
high-dimensional datasets. Comparative analysis with existing studies establishes the superiority of the pro-
posed method.

Key words: Feature Selection, Multi-objective Optimization, Bi-directional elimination, NSGAIII, Heart Dis-
‘ease

1. INTRODUCTION

It is reported that heart disease (HD) is one of the major causes of death in the world according to the
World Health Organization, (World Health Organization, 2020). The projection shows that 17.9 mil-
lion deaths worldwide from HD occurred in 2019 making it 32% mortality rate accounting for 85%
of the mortality caused by both HD and stroke (Pathan, Nag, Pathan, & Dev, 2022). Most of the mor-
tality occurs in low- and middle-income nations (Kolukisa & Bakir-Gungor, 2023; Reddy et al.,
2022; Abdollahi, & Nouri-Moghaddam, 2022). Early detection of HD is crucial to start treatment
with counseling and medication. All efforts made by the expert physicians to detect it went in vain
considering the death rate has been incrementing year in and year out (Ramesh et al., 2022). There-
fore, computer scientists are currently employing the idea of data mining to forecast the early onset
of HD among patients (Pathan, Nag, Pathan, & Dev, 2022; Kolukisa & Bakir-Gungor, 2023; Reddy
et al., 2022;
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Ramesh et al., 2022). To know the exact features or attributes that contribute significantly to the dis-
ease, the term feature selection is used (Abdollahi, & Nouri-Moghaddam, 2022). The idea of FS is
thus used in numerous sorts of studies for the classification of HD (Pathan, Nag, Pathan, & Dev,
2022; Kolukisa & Bakir-Gungor, 2023; Reddy et al., 2022; Abdollahi, & Nouri-Moghaddam, 2022;
Ramesh et al., 2022).

The goal of feature selection (FS) is to identify the best group of features that significantly contribute
to the disease. Using FS will significantly cut down on the number of tests, which saves money
(Reddy et al., 2022; Abdollahi, & Nouri-Moghaddam, 2022). FS may function as a filter or a wrap-
per. Filter measures the usefulness of a subset of features by training a model on it, whereas wrapper
techniques test the relevance of a subset of features by their association with the dependent variable.
Additionally, more features make filters faster and more useful, whereas a wrapper performs better
(Reddy et al., 2022; Liu & Yu, 2005). Choosing the best subset of features with a high classification
performance is the goal (Liu & Yu, 2005). Based on that, we suggest implementing a wrapper-based
FS.

The wrapper approach to feature selection relied on the machine learning algorithm proposing to fit
into a dataset (Liu & Yu, 2005). The wrapper method of feature selection is mainly classified into
three, namely, forward selection, Bi-directional elimination also referred to as step-wise selection,
and Backward elimination (Liu & Yu, 2005; Jovi¢., Brki¢ & Bogunovi¢, 2015).

Wrappers employed a greedy search strategy for feature selection by the combination of features as
the criterion for the evaluation (Jovié., Brki¢ & Bogunovié, 2015). The evaluation criteria for classi-
fication can include things like accuracy, precision, recall, f1-score, error rate, sensitivity, and speci-
ficity, among others. In the last stage, the combination of features that have the optimal output from
the machine learning algorithm is selected. By doing so it becomes computationally expensive, espe-
cially on datasets with many features (Jovi¢., Brki¢ & Bogunovi¢, 2015). On the other hand, there is
the possibility of overfitting because it involves modeling the algorithm with different combinations
of features.

To avoid the overfitting and computationally expensive issues explained in the preceding section, the
paper proposed a multi-objective optimization algorithm; a non-dominated sorting genetic algorithm
(NSGA-III) developed by (Liu & Yu, 2005). Instead of the greedy search. The NSGA has the capa-
bility of avoiding the problem of overfitting on large dimensional datasets when tuned along with the
stepwise refinement selection. The NSGA-III was proposed to deviate from the shortcomings of
greedy algorithms and first-generation evolutionary algorithms facing the challenge of lack of elitism
and the sustaining of diverse Pareto sets by using shared parameters. It uses a fast non-dominated
sorting algorithm, niche preservation, tournament selection, and reference point population abilities
(Liu & Yu, 2005); Deb & Jain, 2013).

In this study, we propose NSGA-III along with bi-directional elimination for FS on HD datasets. To
the best of our knowledge, this is the pioneer study applying NSGA-III specifically for HD classifi-
cation. However, the closest work to our proposal in recent times is the study conducted by Gu-
towski, Schang, Camp, & Abraham (2022). that applied hybrid bi-directional NSGA-III with the
gain ratio on the collusion detection features in the Internet of Vehicles, which differs from our pro-
posal.

Thus, the summary of the contributions in this study is as follows:

1. Explored the concept of NSGA-III instead of the greedy search approach for FS in HD classi-
fication with improved performance.

2. Used both the feature size and classification performance as a separate objective in the

2
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NSGA-III for better FS.
3. Used the concept of bi-directional stepwise refinement with NSGA-III for FS on HD datasets.

4. The performance of the proposed NSGA-III-based bi-directional FS along with other state-of-
the-art approaches indicates improvement.

The entire manuscript is organized into five Sections. Apart from the Section 1, Introduction. Sec-
tions 2 and 3 are Review of Related Works and Methodology, respectively. While Section 4 is the
Results and Discussion. Finally, Section 5 is Conclusions and Recommendations for Future Studies.

2. FEATURE SELECTION ON HEART DISEASE

Evolutionary algorithms (EA) have been applied to FS in different studies. This sub-section presents
the basic background of the EA. EAs are also referred to as evolutionary computation, however, this
word is typically used as a general phrase to refer to optimization algorithms inspired by natural in-
telligent agents such as particle swarm optimization (PSO), cuckoo search, and artificial immune
systems, among others Kanwal, Rashid, Nisar, Kim & Hussain (2021).

Babaoglu, Findik, & Ulker (2010) presented an article that compares FS models using binary particle
swarm optimization along with GA to determine HD using a support vector machine as the classifier.
The experiments were run on HD datasets. The results obtained indicated that the binary PSO algo-
rithm outperforms the GA in terms of accuracy, the number of selected features, and computational
complexity. On the other hand, to identify the best subsets of features and aid in the early prediction
of heart disease. Jinny & Mate (2021) presented a GA-based FS on heart disease datasets. Modern
gradient boosting approaches along with hyperparameter optimization are used to improve the pre-
diction. The results show that more than 20 percent of the features were reduced while maintaining
accuracy.

Balamurugan, Ratheesh & Venila (2022) demonstrated a successful HD prediction system that com-
bined stochastic gradient boosting and FS with a recursive feature elimination method. The charac-
teristics are grouped using deep GA and the adaptive Harris Hawk optimization clustering technique.
The technique enhances the deep neural network’s performance by supplementing its initial weights
with an improved GA that suggests better weights for the neural network. In comparison to state-of-
the-art methodologies, the testing findings demonstrate that the new FS and classification methodol-
ogy achieves an accuracy of 98.36% and 97.3%, respectively.

Khourdifi & Baha (2019). proposed a heart disease prediction system using a combined PSO and ant
colony optimization algorithm as the search technique. A fast correlation-based FS was used to get
the best subsets of features. Besides, five different ML classifiers were used to record the accuracy,
f-measure, and sensitivity. The results showed a better performance than other state-of-the-art ap-
proaches.

Usman, Yusof, & Naim (2018) developed a heart disease prediction system using cuckoo search al-
gorithms as well as cuckoo optimization algorithms. Both algorithms use the general filter generation
to find the best subset of features. The experiment was conducted on five heart disease datasets of
various degrees of complexity. The results obtained on the four different classifies showed that
cuckoo search performs better on datasets with fewer features whereas cuckoo optimization algo-
rithms perform well on a high dimensional dataset.

Acharjya (2020) introduced a hybrid FS using the concepts of rough set theory along with a cuckoo
search algorithm on some heart disease datasets. The proposed method performs better than many
others presented in the manuscript both in terms of accuracy and some selected features.
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Dubey, Inoue, Birmann & Silva (2022) suggests a novel FS technique that makes use of a chaotic
map function to generate fresh random subsets of features and the idea of evolution to direct the al-
gorithm to the best path. Although the experiments were run on 10 datasets including a heart disease
dataset using various ML algorithms, they significantly outperformed other approaches in the litera-
ture on each dataset.

Vivekanandan & Iyengar (2017), proposed a modified differential evolution (DE) algorithm to per-
form FS for heart disease and optimization of selected features. Various performance measures of
integrating the modified DE with fuzzy AHP and a feed-forward neural network in the prediction of
heart disease are evaluated. The accuracy of the proposed hybrid model is 83%, which is higher than
that of some other existing approaches. Despite all efforts made by various researchers to solve FS
problems and consequently improve the classification performance of the selected features. The
alarming rate of heart disease is still worrisome. This is likely because all the articles reviewed in this
subsection are based on a single objective FS, whereby mostly classification accuracy is considered
at the detriment of the number of selected features or vice versa.

To resolve this conflict in selecting either accuracy or some selected features in the single-objective
FS. The term multi-objective FS is introduced, which considers both classification accuracy and sev-
eral selected features as a two-objective optimization problem.

Gaspar-Cunha (2010) proposed a multi-objective evolutionary Algorithm (MOEA) for FS on the
SPECT heart disease dataset. A support vector machine was used to get the classification accuracy.
The experimental results showed the suitability of the method compared to the existing works in the
literature.

For the prediction and analysis of heart disease, Bashir, Qamar & Khan (2015) offers an ensemble
framework based on an improved bagging approach and a multi-objective weighted voting scheme.
Five different datasets related to heart disease were used in the experiment. The experimental results
demonstrate that the suggested framework works with all types of qualities and achieves high diag-
nosis accuracy, with 84.16 percent accuracies in sensitivity, specificity, and f-measure, as well as
93.29 percent accuracies in sensitivity and 96.70 percent in specificity.

With the use of an Active Contour Model-based region-growing technology, Priyatharshini &
Chitrakala (2019) introduced a Dual-Phase Multi-objective Optimization strategy. Then, a very accu-
rate embedded FS approach is built with a skilled classifier to find calcified objects in the segmented
artery. The degree of coronary artery calcium plaque is then measured using the Agatston scoring
system. Clinical practice was used to obtain coronary CT images from the AS+CT scanner with a 3
mm slice thickness. Experimental findings show that the suggested strategy increases the precision of
lesion detection for improved treatment planning.

Three steps make up the PSO-based multi-objective FS approach that Rostami, Forouzandeh, Be-
rahmand & Soltani (2020) created. In stage 1, a graph representation model of the original features is
displayed. The next stage involves calculating the feature centralities for each node in the graph, and
the third stage involves the final FS using an enhanced PSO-based search procedure. The suggested
method outperforms earlier similar methods in terms of efficiency and efficacy, according to the re-
sults on five medical datasets.

Habib, Aljarah, Faris & Mirjalili (2020) presented a multi-objective PSO for FS on various medical
datasets. The experimental results indicated the proposed MOPSO performed better than MOEA/D
and NSGA-II in terms of classification accuracy as well as some selected features. However, PSO
tunes to work based on the MOEA, and hence it was not a surprise to have a better result. The major
deficit of the MOPSO is the computational complexity which will take longer time on datasets with
higher features.
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Li, He, Chen & Pan (2021) suggested a three-objective FS multi-objective large-scale cooperative
coevolutionary algorithm. To find the ideal feature subset quickly and effectively, a cooperative
searching framework is created. Second, the framework establishes three goals—feature number,
classification accuracy, and overall information gain—to direct the evolution of feature combina-
tions. Thirdly, dual indicator-based representations are developed for balancing the convergence and
diversity of the representative solution in the framework’s coevolution process, while cluster-based
decomposition strategies are developed for the framework’s decomposition process to reduce com-
putation. Finally, a system for diagnosing heart disease based on the framework is created to demon-
strate its viability. Numerical tests show that the suggested strategy exceeds its rivals in terms of both
classification accuracy and metrics of the number of features.

Finally, recently on FS to medical binary classification, Gutowski, Schang, Camp, & Abraham
(2022) put forth a multi-objective optimization approach. It is based on a Genetic Algorithm and a 3-
dimensional Compass, which are intended to direct the search toward a desired trade-off between the
number of features, accuracy, and area under the ROCCurve (AUC). On several real-world medical
datasets, the proposed Genetic Algorithm with Multi-Objective Compass (GAwC) performs better
than any existing competitive GA-based MOFS techniques.

Most of the works conducted as well as the review of the related works on Multi-objective FS are on
medical datasets. Besides, the little ones that perform the FS on heart disease are just one single da-
taset: to be precise the Cleveland and SPECT datasets. Even those that used the heart disease datasets
are filter-based FS, where the accuracy obtained from them might not likely be as significant as that
of the wrapper-based approaches. Therefore, this study explores the most recent NSGA-III along
with wrapper-based stepwise refinement to select the best subsets of features that contribute signifi-
cantly to heart disease classification.

3. THE PROPOSED METHOD

3.1 Wrapper-Based Feature Selection

The general wrapper method is shown in Algorithml. It assesses the goodness of each created subset
B by using the ML algorithm on the data with the subset of features B and assessing the effectiveness
of the outcomes. Consequently, the outcomes of the FS will vary according to the ML used. Difter-
ent wrapper algorithms can be produced by varying the search strategies using the function generate
(DTS) and mining algorithms ML. The selection of feature subsets is governed by ML algorithms;
hence the wrapper model typically performs better since the discovered feature subsets are better
matched to the preset mining algorithm. As a result, it requires more computing than the filter model.

Algorithm 1 General Wrapper-Based Algorithm
INSERT: DTS(Ag, Ay, - ,A,_1) // Dataset with N attributes /features for training

By // Begin finding of subset
) // End criteria
RESULTS: F,..: // Optimal subset of features
1: BEGIN
2 SET: By..: = Bg;
3 Yhest = eval( By, DT'S, ML); // evaluate Bo using a ML algorithm
4 DO BEGIN
5: B = generate(DT'S); // generate subsets for evaluation
6: v = eval(B, DTS, ML); // evaluate the current subset F by the ML
7 if (v out perform ~pest)
8: Yoest = Vi
9: Bbﬂ st — B;
10: END DO (¢ is Found);
11} RETURN Bg,.:

12: END;
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3.2 Data Selection Approach

The two basic FS techniques used in machine learning are forward selection and backward elimina-
tion. Whichever strategy you choose will ultimately depend on the precise facts and objectives you
have. Both have advantages and disadvantages.

Forward selection involves starting with a null model or an empty set, fitting each feature into the
model one at a time, and choosing the feature with the lowest p-value. By attempting combinations
of the previously chosen feature with all other existing features, fit a model with two features at this
point. Once more, pick the feature with the lowest p-value. The next step is to fit a model with three
features by combining the two features you chose earlier with the other two features. Repeat this
process until the set of features that were chosen has a p-value for each feature that is below the sig-
nificance level. Although this approach is straightforward to use, it may not yield the best selection
of features and may be computationally expensive.

Up until the time when we get the whole set of significant features, this process is repeated repeated-
ly. One such approach that is frequently employed in machine learning is backward elimination. This
method is beneficial because it can lessen the likelihood that the data will be overfitted and improve
the interpretability of the linear regression model. Although this approach is more computationally
efficient, it might not also find the best combination of features.

Bi-directional elimination (Stepwise Selection) Combining forward selection and backward elim-
ination, bidirectional elimination checks each step’s inclusion or exclusion of features. It is like the
forward selection, but when a new feature is added, it also evaluates the significance of previously
added features. If any previously picked features are determined to be inconsequential, that feature is
then simply eliminated by backward selection. Bi-directional elimination involves the following
steps, in brief:

1. To enter and exit the model, select a significance level (SL in = 0.05 and SL out = 0.05 with a 95%
confidence level, for example).

ii. Continue with the forward selection process (the newly added feature must have a p-value less
than SL to enter.

iii.Complete all phases of backward elimination (any previously included feature with a p-value > SL
out is prepared to exit the model).

iv. To obtain the ultimate optimal set of traits, repeat steps 2 and 3 as necessary.

3.3  Proposed Multi-Objective Algorithm
A multi-objective optimization problem is an optimization problem that involves multiple objective
functions. In mathematical terms, a multi-objective optimization problem can be formulated as

Min/Max  fm(x) m=12,..., M
subjectto gi(x) >0 j=1.2.....J

where the integer m > 2. fin(X) is the m™ objective function to be minimize or maximize. In this case
the number of selected features are minimize while the classification accuracy is improved in a bi-
directional approach.

The concepts of bi-directional; whereby both forward and backward elimination strategies are en-
sured to avoid the problem of over fitting. The DTS (datasets) are divided into training and testing
tests. Then the reference points of each population solution are generated. Bi-directional elimination
is applied to evaluate BO on each dataset by taking into cognizance the feature size and classification
performance as two separate objectives.

Five different ML classifiers were employed to determine and record the best classification perfor-
mance against the chosen subsets of features. These concepts are done using the tournament selec-
6
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tion. Similarly, to escape from the local optima and improve searchability niche preservation was
used and stored for the next generation. By doing so the complexity of the proposed wrapper-based
approach is drastically reduced.

Algorithm 2 Proposed NSGA-III and Bi-directional Wrapper-Based Feature Selection

INSERT: DTS(Ag, Ay,---, A, 1) // Dataset with N attributes/features for training
By // Begin finding of subset using bi-directional elimination
) // End criteria

RESULTS: Fpest // Optimal subset of features

1: BEGIN
Divide HD datasets into training and testing set
Calculate the reference point of each population
2:  SET: Bgest = Bu;
3: Yhest = eval(Bo, DT'S, ML); // evaluate Bo using a ML algorithm
Apply bi-directional elimination
Use non-dominated sorting mechanism
4: DO BEGIN
5: B = generate(DT'S); // generate subsets for evaluation

6 ~v = eval(B, DTS, M L); // evaluate the current subset F by the ML
7: if (v outperform .4 )
8: Ybest = V3
9: Use tournament selection
10: Apply and store niche preservation for next generations
11: Calculate the accuracy, and others along with the feature size
12: Byest = B
13: END DO (§ is Found};
14: RETURN Bpeat;
15: END;

34 Description of Heart Disease Datasets

Table 1 presents a comprehensive overview of the datasets employed in this study. The research fo-
cuses on seven datasets pertaining to heart disease. The "Dataset" column in the table denotes the
specific datasets utilized for the study. The "#Features" column represents the total number of fea-
tures or attributes associated with each dataset. Conversely, the "#Instances" column indicates the
number of records contained within each dataset. It is important to note that the table does not in-
clude a class label, as all the datasets consist of binary class labels.

Furthermore, it is worth mentioning that all the datasets used in this study are accessible through the
renowned machine learning repository known as the University of California Irvine (UCI) machine
learning repository. These datasets can be obtained from the following web address:
https://archive.ics.uci.edu/ml. Prior to analysis, the datasets have undergone a thorough cleaning pro-
cess, ensuring the removal of any incomplete instances. Additionally, a few instances that do not
contribute significantly to the analysis have been imputed using the reverse and forward fill func-
tionality of the Python Anaconda Navigator

35 Performance Evaluation

A dependent criterion used in the proposed wrapper-based approach requires a predetermined ML
algorithm in FS and uses the performance of the ML algorithm applied to the selected subset to de-
termine which features are selected. As such, five ML classifiers used include Support Vector Ma-
chine (SVM), Gaussian Naive Bayes (GNB), k-nearest Neighbor (KNN), Random Forest Classifier
(RFC), and Decision Tree Classifier (DTC). In each of these classifiers, we recorded the number of
selected features, and classification accuracy, along with F-measure, Sensitivity, and Specificity.
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Table 1. Heart Disease Datasets

Name of Datasets #-of-Features Inft-:lf;es Classes
Cleveland 13 303 2
Echocardiogram 12 131 2
Eric 7 209 2
Hungarian 13 294 2
LongBeach VA 13 200 5
SPECT 22 267 4
SPECTF 44 267 4
Z-Alizadeh Sani 55 303 2

4, RESULTS AND DISCUSSION

This section describes the results of the proposed b-directional-based NSGA-III wrapper method.
The results are presented in Table 2 and Table 3, respectively. The first subsection describes the re-
sults of the selected features. Followed by the evaluation criteria used. The result of each dataset is
presented differently. Finally, the complete results are presented, discussed, and analyzed.

4.1  Number of Selected Features

The number of chosen features as well as the accuracy recorded by each dataset using the proposed
method is depicted in Table 2. The table describes the results obtained by the proposed wrapper-
based method that used both NSGA-IIII and a Bi-directional elimination approach on related HD da-
tasets. From the table, "#Features” represented the exact number of features on the dataset before
applying the proposed FS method. Each of the five classifiers displayed the number of features se-
lected ”Sel. Fts” and Classification accuracy ”Acc.” respectively.

By looking at the table one can see clearly that the selected features for the Cleveland dataset are 4
on SVM, and RFC, while 5 on GNB and KNN respectively. DTC has the least number of selected
features on the Cleveland dataset. Similarly, on the other datasets like Echocardiogram, Eric, Hun-
garian, Long Beach VA and Statlog have 3 as the number of selected features as the least on DTC
and SVM. RFC mostly has 4 as the number of selected features except for Statlog which recorded 5
Similar to GNB on the same datasets.

KNN performs well on large dimensional datasets such as SPECT, SPECTF, and Z-Alizadeh Sani
compared to most of the ML classifiers employed in this study. On the other hand, RFC performance
is worse on most of the high-dimensional datasets. DTC performance is commendable on the smaller
datasets while on average GNB performed better in terms of selecting the most suitable subsets of
features on all the datasets. SVM selects a fewer number of features compared to all other ML classi-
fiers and hence performs much better in this regard. It can be noticed that from the table ”Average”
number of features under the SVM is 4.2 which affirms the fact that SVM selects fewer subsets of
features on all the datasets using the proposed method. Alternatively, GNB has the highest number of
selected features 7.7 followed by RFC 7.4.

Table 2. Number of Selected Features Vs. Classification Accuracy of the Five Classifiers

Name of Dataset # of Fea- SVM GNB KNN RFC DTC
tures Sel Fts | Acc Sel Acc Sel Acc Sel Acc Sel Acc
Fts Fts Fts Fts
Cleveland 13 4 97 5 89 5 91 4 96 3 96
Echocardiogram 12 3 98 4 95 5 90 4 98 3 98
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Eric 7 3 94 4 91 5 89 4 91 3 93
Hungarian 13 3 96 4 90 4 96 4 95 3 96
Long Beach VA 13 3 91 4 89 5 89 4 90 3 91
SPECTF 44 6 91 15 88 7 92 18 90 15 90
SPECT 22 6 94 11 89 7 94 13 92 9 94
Statlog 13 3 93 5 90 5 89 5 91 3 93
Z-Alizadeh San 55 7 90 16 88 8 94 11 94 10 94
Total 192 38 844 | 69 809 51 824 | 67 837 52 845
Average 21.3 4.2 938 | 7.7 89.9 5.7 91,6 | 74 93.0 5.8 93.9

4.2 Performance Measure

In terms of classification Accuracy, Table 2 shows the accuracy of the proposed methods on the five
ML classifiers. An accuracy of 98% was found on the Echochardiagram dataset for SVM, RFC, and
DTC. Also, Cleveland attained 97% accuracy on SVM more than all other ML classifiers. Similarly,
96% and 94% accuracy was obtained on Hungarian and SPECTF datasets respectively for SVM,
KNN, and DTC. Moreover, a 94% accuracy was achieved on Z-Alizadeh Sani datasets on KNN and
DTC.

One can observe that SVM performs better mostly on all the binary class datasets. Whereas KNN
outperformed most of them on the large dimensional datasets. The performance of DTC and GNB is
regardless of the size and class of the dataset. Generally, DTC performs better in terms of classifica-
tion accuracy on all the datasets. As can be seen from the table it has the highest average accuracy of
93.9% followed by SVM with 93.8% on all the nine datasets. Even though SVM performs much bet-
ter in terms of several selected features it still performs well on classification accuracy with DTC be-
ing better with 0.01%.

Therefore, using the concept of a non dominated sorting mechanism helps in achieving better classi-
fication performance both in terms of number of selected features and classification accuracy for
classification on HD datasets.

Table 3. Performance Measure of The Proposed Method On All The Datasets

Dataset Cleve- Echocardiogram Eric Hungarian Long SPECTF SPECT Statlog Z- Avg
land Beach Alizadeh
VA San
SVM  Sens. 95.1 96.0 92.1 94.1 89.2 89.2 92.1 91.1 88.2 91.9
Spec. 95.5 96.5 92.6 94.6 89.6 89.6 92.6 91.6 88.7 92.4
F-Mea 96.2 97.2 93.2 95.2 90.2 90.2 93.2 92.2 89.2 93.0
Acc. 97.0 98.0 94.0 96.0 91.0 91.0 94.0 93.0 90.0 93.8
GNB Sens. 87.2 93.1 89.2 88.2 87.2 86.2 87.2 88.2 86.2 88.1
Spec. 87.7 93.6 89.6 88.7 87.7 86.7 87.7 88.7 86.7 88.5
F-Mea 88.2 94.2 90.2 89.2 88.2 87.3 88.2 89.2 87.3 89.1
Acc. 89.0 95.0 91.0 90.0 89.0 88.0 89.0 90.0 88.0 89.9
KNN Sens. 89.2 88.2 87.2 94.1 87.2 90.2 92.1 87.2 92.1 89.7
Spec. 89.6 88.7 87.7 94.6 87.7 90.6 92.6 87.7 92.6 90.2
F-Mea 90.2 89.2 88.2 95.2 88.2 91.2 93.2 88.2 93.2 90.8
Acc. 91.0 90.0 89.0 96.0 89.0 92.0 94.0 89.0 94.0 91.6
RFC Sens. 94.1 96.0 89.2 93.1 88.2 88.2 90.2 89.2 92.1 91.1
Spec. 94.6 96.5 89.6 93.6 88.7 88.7 90.6 89.6 92.6 91.6
F-Mea 95.2 97.2 90.2 94.2 89.2 89.2 91.2 90.2 93.2 92.2
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Acc. 96.0 98.0 91.0 95.0 90.0 90.0 92.0 91.0 94.0 93.0
DTC Sens. 94.1 96.0 91.1 94.1 89.2 88.2 92.1 91.1 92.1 92.0
Spec. 94.6 96.5 91.6 94.6 89.6 88.7 92.6 91.6 92.6 925
F-Mea 95.2 97.2 92.2 95.2 90.2 89.2 93.2 92.2 93.2 93.1
Acc. 96.0 98.0 93.0 96.0 91.0 90.0 94.0 93.0 94.0 93.9
Total 1855.6 1895.2 1812.1 18714 1780.4 1784.4 1831.9 1804.2 1820.0 1828.3
Average 92.8 94.8 90.6 93.6 89.0 89.2 91.6 90.2 91.0 914

4.3 From Table 3, the accuracy is mostly better than others on all the ML classifiers employed in
the study. The average accuracy is better across all the ML evaluation measures. The difference be-
tween the Specificity and Sensitivity is insignificant, merely less than or equal to 0.5% on most of
the datasets. On the other hand, the difference between the accuracy and F-Measure is less than one
percent on most of the datasets. Specificity is slightly better than Sensitivity, while F-measure is
slightly better than Specificity.

Table 3 below shows the results of all the proposed NSGA-III and Bi-directional wrapper-based
methods using various ML classifiers based on the performance measure presented earlier as the
wrapper evaluation criteria. From the table ”Sens.”, ”Spec.”, ”F-Mea.”, and ”Acc.” stands for Sensi-
tivity, Specificity, F-Measure, and Accuracy, respectively. Therefore, using the concepts of nondom-
inated sorting mechanism along with bi-directional elimi- nation as a wrapper-based FS one can ob-
tain a better classification performance on most of the heart disease datasets.

4.4 The Overall Results

The overall performance measure on all the nine heart disease datasets along with the five ML classi-
fiers is depicted as shown in Fig 1. From the table, the y-axis represents the percentage from 80-100
attained by each of the datasets on various ML classifiers. Similarly, the x-axis represents the per-
formance measures employed in the study for the respective ML classifier used.

So far none of the ML classifiers recorded less than eighty percent on all the datasets. From the fig-
ure, one easily identifies which ML performs better on what dataset. On the other hand, one can also
easily identify which ML performs less on which dataset and so on. Therefore, by merely looking at
the figure one can see that mostly SVM and DTC dominate all the datasets in terms of Accuracy, F-
measure, Specificity, and Sensitivity. Moreover, the classification accuracy outpaced others on all
the datasets. Thus, the ML classifiers can easily be used along with the concept of a nondominated
sorting mechanism along with bi-directional elimination to explore the best subsets of features and
produce promising wrapper evaluation results.
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Fig 1: Accuracy, Sensitivity, Specificity and F-Measure of the Results Obtain
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Fig 2. shows the highest average performance measures on all the ML classifiers employed in the
study. The description of the figure is like others described earlier.

Upon observing the figure, it becomes apparent that the bars on the SVM graph exhibit a predomi-
nantly larger size in comparison to the other graphs. Whereas GNB has the least bars its performance
is said to be the worst among them. Despite a good performance exhibited by the SVM, Table 3 indi-
cated that the average performance of DTC is 93.9 while that of SVM is 93.8. DTC outperformed

SVM with 0.1 percent and is hence considered the best in this study. Therefore, all the wrapper eval-
uation measures used in this study can evolve the set of features using the nondominated sorting
mechanism along with the bi-directional elimination and obtain a better classification performance.
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Fig 2: Highest Average Performance Possess By Each Classifier On All the Datasets.

4.5 Comparison With Existing Studies

To be fair in our comparison and to determine the performance of the proposed method we compared
it with another multi-objective FS approach that used similar HD datasets. Despite long searching,
only one work was reported on multi-objective FS that used an HD dataset. The work of Li, He,
Chen, & Pan (2021) uses only the Cleveland HD dataset. The detailed comparison is depicted in Ta-
ble 4.

Table 4. Performance Measure of The Proposed Method On All The Datasets

Name Accuracy Classifier Selected Features
Proposed Method 97 SVM 4
MLFS-CCDE 86 ELM 6

From the table the name of the column name stands for the name of the method, Accuracy is the
highest accuracy achieved by the method. The classifier column shows the best classifier with the
highest accuracy and number of selected features by the method. The work of Li, He, Chen, & Pan
(2021) selects only six features out of the 13 features of the Cleveland HD dataset and attained an
accuracy of 86 percent. There is no doubt that the proposed method in this study outperformed it
both in terms of selected features where only four features were selected and yet attained an accuracy
of 97 percent.
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5. CONCLUSIONS

In the quest to avoid the use of a single objective optimization problem to solve FS the two aims of
FS are combined into a single objective at the detriment of one and hence create a conflict. This
study presented a multi-objective FS using a bi-directional wrapper-based FS along with a nondomi-
nated sorting algorithm (NSGA-IIT) for HD classification. Another major issue of heart disease is
how to get the best subsets of features that contribute significantly to the disease classification with-
out overfitting. Therefore, the concept of bi-directional that utilizes the advantages of both forward
and backward elimination was used to curb the issues of overfitting while searching for the best sub-
sets of features. Moreover, a multi-objective optimization algorithm precisely; NSGA-III was intro-
duced as the search technique within the wrapper-based FS rather than using the existing single-
objective algorithms.
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Nine HD datasets were used in the experiment. The subsets of features were evaluated using five dif-
ferent ML classifiers. The results indicated that the proposed method can significantly select the best
subsets of features using the bi-directional non dominated sorting mechanism and yield better classi-
fication performance with fewer subsets of features. Comparison amongst the classifiers shows that
SVM performed better in terms of the number of selected features compared to all other ML classifi-
ers.

KNN performs better on high dimensional datasets both in terms of selected features and other per-
formance metrics compared to others. On the other hand, DTC performs slightly better than SVM in
terms of classification performance. SVM performs better mostly on binary class datasets. Moreover,
the proposed method performs better than the existing state-of-the-art approach.

Future research endeavors will encompass the exploration of multi-objective feature selection (FS)
techniques on the heart disease (HD) dataset, including scenarios involving more than two classes
and imbalanced class labels. It is imperative to investigate alternative multi-objective optimization
algorithms such as MOEA/D, MOGA, and others to ascertain their potential for FS on HD datasets,
which may yield more promising outcomes. Moreover, an underrepresented aspect in current litera-
ture pertains to the treatment of FS as a hybrid multi-objective process that integrates both filter and
wrapper methodologies. Therefore, adopting the perspective of filter-wrapper multi-objective FS for
HD datasets has the potential to enhance heart disease classification by identifying appropriate sub-
sets of features and achieving superior classification performance.
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