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Abstract. In recent years, the increasing volume and availability of healthcare and biomedical data
are opening up new opportunities for computational methods to enhance healthcare in many hospitals.
Medical data classification is regarded as the challenging task to develop intelligent medical decision
support systems in hospitals. In this paper, the ensemble approaches based on support vector
machines are proposed for classifying medical data. This research’s key contribution is that the
ensemble multiple support vector machines use the function kernel in the style of gradient boosting
and bagging to produce a more accurate fusion model than the mono-modality models. Extensive
experiments have been conducted on forty benchmark medical datasets from the University of
California at Irvine machine learning repository. The classification results show that there is a
statistically significant difference (p-values < 0.05) between the proposed approaches and the best
classification models. In addition, the empirical analysis of forty medical datasets indicated that our
models can predict diseases with an accuracy rate of 82.82 and 81.76 percent without feature selection
in the preprocessing data stage.

Introduction

In recent years, the use of machine learning in medical diagnostics to assist physicians in disease
diagnosis has become widespread. In practice, a doctor often diagnoses a disease based on a patient's
symptoms and signs. For this reason, the physician's experience highly affects the diagnostic
accuracy. The clinical decision support systems (CDSS) has emerged as a realistic strategy to help
doctors diagnose patients swiftly and correctly in an effort to improve healthcare quality [1]. Machine
learning is used CDSS to predict and analyze diagnostic decisions to improve inpatient care more
accurate and faster diagnoses as well as support doctors' decision-making [2]. In the field of medical
informatics, the increase in the accuracy of classification algorithms is regarded as one of the most
challenging tasks whose aim is to enhance the diagnosis, prediction, and treatment of disease [2].
Several classifying algorithms have been used in the analysis of medical diagnosis without feature
selection. They include support vector machines (SVMs) used by [3], [4] random forests (RF) in [5],
[6], k nearest neighbors (KNN) used by [7], [8], decision trees (DT) exploited in [7], [9], naive Bayes
(NB) in [10], and logistics regression (LR) in [11]. Even though many studies have been done and
reported in the literature, there is still room for improvement. In medical diagnosis, more and more
studies have proposed novel classification algorithms to improve the accuracy of these algorithms.
However, the No-Free-Lunch theorem demonstrated no perfect classifier [12]. It has motivated
studies to build new classification models for medical data [13].

Recently, ensemble learning is an algorithm which uses multiple learners to boost a mono-
modality model's prediction performance in order to maximize classification accuracy with a greater
capacity for generalization. In fact, weak learners are used to build ensemble models in the majority
of the study analyses of ensemble methods mentioned above. Therefore, it is essential to examine
ensembles based on non-weak classifiers, such as SVM. Although several works presented insight
for SVM ensemble theory and applications [14], [15]. However, SVM ensembles have not been
investigated thoroughly like the decision tree ensemble [16]. In the medical field, SVM ensembles
haven't been tested against a lot of data sets for disease diagnosis. This paper examines SVM
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ensembles using two approaches to build models with various medical datasets in order to close this
gap. This work explores the utility of ensemble SVMs for classifying medical data through two
contributions.

Firstly, two ensemble frameworks (Bagging and Gradient boosting) are proposed for medical data
classification to combine SVM models using the radial basis function (RBF) kernel to produce an
ensemble of classifiers that is more accurate than a single SVM model. The key concept is to use
RBF kernel-based constructs for SVM ensembles to strengthen SVM.

Secondly, empirical analysis for forty medical datasets is designed to select suitable classification
models. We have been performed a comparative testing of several classifiers namely Linear SVM
(LSVM) and SVM using RBF kernel, KNN, DT, NB, LR and ensemble of decision trees include
random forest (RFs), bagging (BA-DTs) and gradient boosting (GB-DTs). The accuracy (ACC) as
well as Area Under the ROC Curve (AUC) of the 12 algorithms are used to compare in experiments.

The remaining sections of the paper are structured as follows. In the section titled "Related works,"
the classification of medical data is briefly discussed. In the “Materials and Methods” Section, we
present our models. We analyze the experiment and present the numerical test results in Section
Evaluation before completing in Section Conclusion.

Related Works

After analyzing the literature, we discovered numerous approaches to classifying diseases. These
applications involve individual learning techniques as well as combining techniques to improve the
performance of models. In the session, we will discuss these techniques and their applications.

On the one hand, there are many individual classifying techniques to predict disease. As shown by
[17], [18], the KNN algorithm is used to identify heart disease. According to [10], NB and KNN are
used in the diagnosis of breast cancer. In another paper [19], behavior determinant-based cervical
cancer early detection using NB and LR. [20] says that DT is often used to find the best way to classify
a medical diagnosis .

In addition, the [21] is to classify breast cancer survival patterns using SVM, LR, and DT. More
specifically, research comparing some of the methods mentioned above has revealed that SVM
outperforms a large number of similar methods [22], [23]. In some studies, the expert system based
on fuzzy logic was implemented to predict the responses to the treatment method in paper [24].

On the other hand, it is known that combining multiple classifiers, also called "ensemble classifier”
often gives better results than a single classifier [25]. In the experiment in the paper [15],
improvement of results from the NB algorithms was investigated using the combined ensemble
method. This paper showed the improved accuracy of the Bagging of NB algorithm on Breast Cancer
Wisconsin (97.51%) and Hepatitis (86.25%) datasets. In [26], single, boosted, and decision tree forest
(RF) are used to detect breast cancer [26]. BDTs (97.07%) outperformed DT (95.75%). RF scored
97.51%, beating DT (95.75%) and BDTs (97.07%).

The performance of ensemble models in medical diagnosis has not been extensively studied, with
the exception of [27] and [15], which show that bagging and boosting learning perform better than a
single model. The fact that the medical dataset is typically class-imbalanced is yet another factor that
can make things more complicated. Therefore, judging the effectiveness of the prediction models
based solely on their classification accuracy is insufficient [28].

Therefore, in this study, we aim to investigate the usefulness of ensemble SVM for medical
diagnosis. In order to evaluate SVM ensemble model, we use classification accuracy, AUC, and
classifier training time. So, the results of this study should make it easy for researchers in the future
to choose the best algorithms for medical diagnosis.
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Materials and Methods

In medical data classification, the popular method for classification models is to build only a single
strong classifier to predict labels from data. In recent decades, the ensemble method has been one of
the main research directions in machine learning. It combines multiple learners in order to improve
the performance of a single classifier [29]. Bagging and boosting are two different approaches to
ensembles. While the boosting method will reduce both bias and difference, the bagging method will
only reduce the difference between the base models [30].

Support Vector Machines.

The support vector machine (SVM) is a method for classifying data that was made by Vapnik in
the 1990s. It is a joint effort between researchers in statistics and machine learning [31]. The main
idea behind the SVM algorithm is that it finds the best way to divide datasets into classes by finding
the best hyperplane. Figure 1 shows the best hyperplane, which is the one that is the farthest away
from the two categories of labeled points on either side. It can be found by maximizing the distance
or margin between the supporting planes for each class.
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Figure 1: Binary classification using a support vector machine
The margin between these supporting planes is 2/||w|| (where ||w|| is the 2 - norm of the vector
w). The quadratic programming of (1) and (2) are used by the standard SVM to endeavor to achieve
these goals (2).
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where C is a positive constant used to tune the margin and the error and a linear kernel function
K(x;, x;) = K(x;.x;). Using the SVM model, a new data point x is classified as follows (3):
sv

predict(x,SVM model) = sign(z yia; K {(x;, x;) — b) 3)
i=1
The SVM algorithm employs various kernel functions for non-linear classification task [4]. For

nonlinear data, the radial basis function (RBF) is a popular kernel function. Kernel function are
method for approximating multivariable functions using linear combinations of terms derived from a
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single univariable function. The RBF function is given (4), where y is specified by parameter gamma,
must be greater than 0.

exp(—yllx —x'l|*) (4)

Bagging of Support Vector Machines

Bootstrap Aggregation (Bagging) is an ensemble method that combines base classifiers to form a
final prediction [32]. Bagging employs bootstrapping estimates to estimate the sampling distribution
of almost any statistic using random sampling techniques. To improve the performance of SVM using
the RBF kernel for medical data, we propose using Bagging of SVM for medical data. Bagging of
Support Vector Machines (denoted by BA-SVMs) constructs a collection of SVM classifiers (SVMs).
The main goal of BA-SVMs is to create an ensemble by adding randomization to the SVM
construction process and thereby reducing its variance. The Figure 2 shows a schematic diagram of
the complete bagging process.
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Figure 2. Bagging of Support Vector Machines (BA-SVMs)

The idea of algorithm is simple and appealing:

(1) Given a training set D = {(x1,¥1),-.-, (X, ¥»)}. Random sampling is used to select n
replacement individuals from the initial training set D to create the learning set Bootstrap T.

(2) train a SVM using RBF kernel on each D;,i = 1,...,T and obtain a sequence of T outputs
f1(0), .., fr (x).

(3) SVM classifiers that classify new individuals by using a majority vote (as follow (5)).

T
FG0) = sign()_ sign(fi(x))) 5)
i=1

In medical data classification, learning classifying models face numerous challenges, including
errors caused primarily by bias, noise, and variance [33]. In Breiman's paper [32], bagging is shown
to be able to provide significant accuracy gains. He pointed out that the stability of the base learner
is the key factor for the performance of this algorithm. Because bagging is primarily a variance-
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reduction method, and since the overall error is the sum of bias and variance. SVM has a built-in
mechanism for reducing variance: they look for the classifier with the highest margin among all
potential linear separators. In our study, we propose tuning the BA-SVMs to introduce significant
changes in the various learning sets while minimizing bias. In order to give the large margin model
noise robustness for medical datasets, it is important to set the cost constant C, which trades off
margin size and errors, to a high value (more than 100) in SVM learning tasks. Another key idea is
reducing the number of samples to be drawn from the training set to train each base estimator. The
random addition of discounts ranging from 10% to 30% (depending on the data set). This idea is a
little bit bigger when C is high. This is mostly because the unbiased variance is smaller when C is
high. The paper [34] says that the relative reduction of the unbiased variance is about 90%, while the
bias is mostly the same.

Gradient boosting of Support Vector Machines

Boosting [35] has been one of the most important developments in classification problems in the
last 20 years. The boosting technique is used to make a model with fewer mistakes because it focuses
on improving the positive aspects and fixing the bad elements of a single model. Unlike with the
bagging approach, the target of boosting is to make the prediction model more powerful by reducing
its bias. The boosting models are designed from weak classifiers such as DT, LR, NB, and KNN. In
this paper, we propose using the Gradient Boosting to improve accuracy of SVM with RBF kernel
for medical data classification.
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Figure 3: Gradient Boosting of Support Vector Machines (GB-SVMs)

Figure 3 shows a diagram of the whole process of boosting. The main idea behind boosting is to
keep adding new models to the ensemble sequentially. By starting with an SVM model, boosting
attacks the trade-off between bias and variance. The algorithm improves performance by building
more and more models, with each new SVM trying to fix where the last one went wrong the most.
This means that each new SVM in the sequence will focus on the training rows where the previous
SVM made the most wrong predictions. SVM classifiers use a weighted majority vote to decide how
to put a new person, X, into a category.
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In our algorithm, the learning procedure consecutively fits new classifiers to compute a more
accurate estimate of the response error of the previous step. The main idea behind GB-SVMs is to
build SVM models that are most similar to the loss function of the negative gradient of the whole
ensemble. The loss function is to be optimized for classification with probabilistic outputs. In GB-
SVMs, the friedman-mse loss function is a modified kind of mse loss function, especially for boosting
algorithms. It defines as (4), where N is the number of samples.

N
1
MSE == (i = 9)? )
i=1

Boosting algorithm has been demonstrated that boosting can improve the predictive performance
of weak learners like decision trees, but it does not improve the performance of strong learners like
SVM. Using SVM as the base learner in boosting does not seem to offer significant advantages in
terms of generalization error. Therefore, the main idea of GB-SVM is to tune the C and y parameters
are adjusted to the large margin solution of SVMs and can improve the generalization capacity of
GB-SVMs against over-fitting.

Evaluation
Figure 4 displays a flowchart of our model development process. The following steps make up the
experimental process.
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Figure 4. Experiment pipeline for preprocessing and classification

First of all, KNN is used for completing missing values for some missing datasets [36]. The training
set's n nearest neighbors' mean values are used to impute each sample's missing values. The next step
is to transform the processed data. The processed data may contain attributes with a mixture of scales
for various quantities. By bringing the scale to unit variance and lowering the mean, we have
standardized the features. It is important to standardize a dataset because individual features that don't
follow the rules for normally distributed data may not work well.

For each medical dataset, we construct twelve classification models. Firstly, we implement a
baseline model, such as LSVM, SVM with an RBF kernel, KNN, DT, NB, and LR. RFs, BA-DTs,
and GB-DTs are all types of ensemble models that use decision trees. We are interested in the
classification performance of our proposal for medical data. Therefore, the bagging and gradient
boosting of SVM are constructed to compare with the classification models (named BA-SVMs and
GB-SVMs). Summary, the experiment is implemented with 12 classifiers on forty medical datasets
to compare the predictive of the models.

In order to evaluate models, the accuracy measure (ACC) is utilized, which quantifies a
classification model's performance as the number of correct predictions divided by the total number
of predictions. In addition, the classification models also are evaluated by AUC (Area under the ROC
Curve) because AUC is a more discriminating and statistically consistent measure than accuracy.
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The paired Student's t-test might then be used to determine whether the difference in mean accuracy
and AUC between the two models is statistically significant.

Experiments Setup

Using the Scikit library, we built BA-SVMs and GB-SVMs in Python [37]. As starting points, we use
algorithms from the Scikit library like KNN, LR, NB, RF, XGB, BA-DTs, and GB-DTs, as well as
the very effective standard linear SVM [38]. The server used was an Intel Xeon(R) CPU PC running
at 2.7GHz and having 44 cores. The RAM was 32GB.

Dataset description

The following experiments were conducted using forty benchmark datasets as described in Table 1.
were obtained from the Machine Learning Repository at the University of California, Irvine (UCI)
[39]. In this table, the protocol evaluation is shown in Column 6. Stratified 10-fold and leave-one-out
cross-validation (LOQO) are used to evaluate the robustness of the estimates made with the
classification models.

Table 1. Brief description of 40 medical datasets are used in this research

Number Number Number Protocal

ID Dataset samples features clasess evaluation

1 Lung Cancer 32 56 3 Loo

2 Cervical Cancer Behavior Risk 72 19 2 Loo

3 Cryotherapy 90 6 2 Loo

4 Immunotherapy 90 7 2 Loo

5 Breast tissue 106 9 6 Loo

6 Breast cancer 116 9 2 Loo

7 Lymphography 148 18 4 Loo

8 Hepatitis 155 19 2 Loo

9 Hepatocellular carcinoma 168 49 2 Loo
10 EEG signals (Planning Relax) 182 12 2 Loo

11 Parkinsons 195 22 2 Loo
12 Prognostic Wisconsin Breast Cancer 198 33 2 Loo
13 Thyroid 215 5 3 Loo
14 Parkinson (replicated acoustic features) 240 45 2 Loo
15  Spect heart 267 22 2 Loo
16  Spectf heart 267 44 2 Loo
17  Statlog heart 270 13 2 Loo
18  Breast cancer 286 9 2 Loo
19  Heart failure 299 12 2 Loo
20  Heart cleveland 303 13 5 10-Folds
21  Haberman's Survival 306 3 2 10-Folds
22 Primary tumor 339 16 3 10-Folds
23 Bupa Liver Disorders 345 6 2 10-Folds
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24 Dermatology 366 34 4 10-Folds
25  Chronic 400 24 2 10-Folds
26  Arrhythmia 452 279 13 10-Folds
27  SA heart 462 9 2 10-Folds
28  Thoraric surgery 470 16 2 10-Folds
29  Diabetes sylhet 520 16 2 10-Folds
30  Breast Cancer (wdbc) 569 30 2 10-Folds
31 ILPD 583 10 2 10-Folds
32 HCV 615 12 5 10-Folds
33  Soybean 683 35 19 10-Folds
34  Breast cancer 699 9 2 10-Folds
35 Pima 768 2 10-Folds
36  Cervical cancer 858 35 2 10-Folds
37  Mammographic 961 5 2 10-Folds
38  Messidor 1151 19 2 10-Folds
39  Parkinson 1208 27 170 10-Folds
40  Myocardial infarction complications 1700 122 8 10-Folds

Tuning parameters

The ensemble models of decision trees are trained from 50 to 200 trees. The KNN algorithm uses k
among 1, 3, 5, 7, 9. For DT, the Gini index is used to split a decision tree. LR needs to choose C
parameters to find out the best C value for it. The C of LR and is used among 1, 10', 10%, 10%, 10*.
For a linear SVM, the cost constant C is tuned among 1, 10!, 102, 103, 10*. SVM using the RBF
kernel has two hyper-parameters (C or y values). For C, we consider many cases in which all
coefficients are constant and have the values 1, 10!, 10%, 10°, 10*,, respectively. The y is selected in
among 1, 10!, 102, 107, 10™*. For the NB algorithm, we use Gaussian Naive Bayes to classify for all
datasets.

The performance of BA-SVMs and GB-SVMs is determined by the number of SVMs and the RBF
kernel parameters, which aids SVM in finding the optimal separating hyperplane in the feature space.
In order to find the best hyper-parameters of BA-SVMs and GB-SVMs models, we tune the number
of SVM of ensemble model (No. of SVM) and C, y. We tried 25 to 200 SVMs to get the best results.
In addition, we also tuned the RBF kernel's ¥ and C parameters for accuracy. For y, its value is 107,
107,102,107, 1, 10, 10? and auto}. If y is 'auto', uses 1 / number of features. For C, The cost constant
C is tuned among 102, 107!, 1, 10, 10%}.

Table 2 displays the top parameters. The finding best parameters of BA-SVMs and GB-SVMs in
this paper are very benefit for the related studies. Table 2 show that the C constant to high value (more
than 100) in BA-SVMs algorithms make improve the effective classification for medical dataset.
Additionally, depending on the data set, the bootstrap process of BA-SVMs has decreased the number
with samples of reductions ranging from 10 to 30%. For GB-SVMs, the tuning C and y show that
this algorithm has the best accuracy with C contain is low value (less than 100) in algorithm.
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Table 2: The best tuning parameters of BA-SVMs and GB-SVMs

BA-SVMs GB-SVMs BA-SVMs GB-SVMs
ID ID
C y C y C y C y

1 150 1 102 150 1 1 21 200 10 103 200 0,1 auto
2 150 10> 10° 50 10> Auto 22 50 1 scale 50 0,01 0,05
3 200 10 102 25 10> 0,01 23 150 10 0,01 150 10? auto
4 200 0,01 Auto 50 1 10° 24 50 1 10 50 1 1
5 200 10 Auto 50 10 auto 25 50 1 10° 50 1 auto
6 200 0,1 10° 50 0,01 0,1 26 200 10 10° 200 1 107
7 200 10> 10° 50 10> auto 27 50 10° 102 50 10 0,01

8 25 10 10° 200 10? 10 28 150 0,1 10 150 10? 10
9 200 10 0,01 50 001 auto 29 200 10> 0.1 200 1 0,1
10 50 1 1 50 1 1 30 102 10° auto 10° 1 auto
11 50 10° auto 50 10 auto 31 200 1 0,1 200 10? 0,01
12 50 10> scale 50 10  auto 32 150 10 0,01 150 0,1 0,1
13 50 10° 102 50 1 0,2 33 50 10 auto 50 1 auto
14 50 10 10° 50 0,1 0,01 34 50 10 0,01 50 1 10
15 50 10 10° 50 0,01 0,1 35 50 I 001 50 10 0,1
16 150 10  auto 150 0,1 auto 36 200 10 10— 200 0,1 10-3
17 200 1 10-> 50 0,1 10 37 150 10® 10> 150 10? 10°
18 50 10 scale 50 10 10 38 150 10°® 0,01 150 10? 10-3

19 200 1 1 50 10>  auto 39 102 10° 10— 10 10° 10-3
20 200 10 0,01 50 1 10 40 102 10> 10— 107 10— 10-°

Classification Results

First of all, Table 3 shows the mean ACC and AUC of classifying models on 40 medical datasets in
the experiment. The models we proposed (BA-SVMs and GB-SVMs) did the best job of classifying
when compared to other models. The results demonstrate that the GB-SVMs model, which had an
ACC and AUC of 82.94% and 81.40%, respectively, attained the best classification performance. In
addition, the BA-SVMs model also has better classification results than other classifiers, with an ACC
of 81,41% and an AUC of 79,44%. As the classification results show, it is clear that BA-SVMs
provide more accuracy than the individual SVM classifiers and base classifiers. In the classification
models, the GB-SVMs algorithm has the highest accuracy compared to the others, while logistic
regression and KNN have the lowest accuracy for close movement. In addition, the ensemble decision
tree models include RFs, BA-DTs, and GB-DTs that improve the accuracy of simple decision trees.
This shows that the ensemble approaches could enhance the performance of base classifiers.
However, the contribution of this work shows that using the strong base classifier (SVM) in the
ensemble method has better performance compared to the weak base classifiers (decision trees,
decision stump) for medical data. The explanation of this result is the following:

A low C value (less than 100) smooths the decision surface for GB-SVMs, iteratively learning
SVM classifiers, and after a SVM learner is added, the data weights are readjusted, a process known
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as "re-weighting." Thus, future SVM learners focus more on the examples that previous SVM learners
misclassified.

On the other hand, for BA-SVMs, a high value C (more than 100) aims at classifying all training
examples correctly. This is reason lead to overfiting issue of the base classifer. However, the
combining of predictions from multiple separate models handles this problem.

Table 3: The mean accuracy and AUC of twelve algorithms are compared

BA GB BA GB
Models LR NB KNN DT DTs DTs RF XGB LSVM SVM SVMs SVMs

ACC  74.61 74.63 78.39 79.89 80.34 80.31 80.21 80.07 78.78 79.78 81.76 82.82
AUC  75.04 71.22 75.17 73.02 75.35 77.21 76.75 7529 74.72 77.16 80.06 80.52

Furthermore, the mean ACC and AUC scores of models are illustrated in the graph in Figure
5. The bar chart shows the mean percentage of the classification results on 40 medical datasets. The
chart shows the percentages in 12 algorithms, the BA-SVMs, the GB-SVMs, and other state-of-the-
art algorithms. As the diagram suggests, it shows that our proposed models are better than the ones
that are already out there. As is observed, GB-SVMs have performance still better BA-SVMs in
ensemble approaches. Ensemble decision tree models (RF, XGB, Bag-DTs, and GB-DTs) are better
at classifying than algorithms like DT, NB, LSVM, and SVM, which are used alone.
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Figure 5: Comparison of the mean Accuracy and AUC among twelve algorithms

Secondly, we investigated the performance of BA-SVMs and GB-SVMs in classification result
details on 40 datasets. To evaluate classification models, most studies use an accuracy metric.
However, in this work we are not only using accuracy but also AUC. The Area Under the Curve
(AUC) is the measure of the ability of a classifier to distinguish between classes and is used as a
summary of the ROC curve. Table 4 presents accuracy, and Table 5 shows AUC. Two tables clearly
show the results of the 40 datasets. In two tables, the value of each row is the results of classifying
40 medical datasets. The best value is bolded, and this is the best model out of 12 models. Moreover,
Table 6 summarizes the results of these statistical tests with paired student ratio tests. The significant
results indicate excess p-values just below 0.05 and are reported in bold. The p-values higher than
0.05 (p-value > 0.05) are not statistically significant.

For GB-SVMs, as we can see in Table 6, the performance of GB-SVMs and BA-SVMs allows
them to produce significantly better performance (all p-values less than 0.05). In particular, the best
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performances are obtained by GB-SVMs for classification (ACC as well as AUC). The classification
results of GB-SVMs and BA-SVMs are compared with base classifiers, including KNN, NB, LR,
DT, LSVM, and SVM. In detail, the GB-SVMs model outperforms the competitive models in terms
of ACC and AUC performance measures. Table 4 also shows that it improves the accuracy mean of
3.37, 7.13, 7.15, 4.44, 2.98, and 1.97 percent points obtained by KNN, NB, LR, DT, LSVM, and
SVM, respectively. In addition, it also enhances the AUC mean of KNN, NB, LR, DT, LSVM, and
SVM, which is 4.9, 8.84, 5.02, 7.04, 5.25, and 2.9 percent points in Table 5.

For BA-SVMs, in terms of ACC performance metrics, the BA-SVMs algorithm obviously
increases the mean accuracy of 3.37, 7.13, 7.15, 4.44, 2.98, and 1.97 percent points compared to
KNN, NB, LR, DT, LSVM, and SVM, respectively. In terms of AUC scores, BA-SVMs clearly
outperform KNN, NB, LR, DT, LSVM, and SVM by 4.9, 8.84, 5.02, 7.04, 5.25, and 2.9 percent
points, respectively. Remarkably, it becomes apparent that GB-SVMs and BA-SVMs outperform
performance compared with single SVM models (see Tables 5 and 6). All p-values are less than 0.05,

which results in statistically meaningful results. It shows that our proposed models have improved
ACC and AUC over the single SVM model.

In addition, we compare GB-SVMs and BA-SVMs with the ensemble of decision tree models. It
aims to explore the effectiveness of SVM in the ensemble learning method. In Figure 5, we see that
GB-SVMs (ACC: 82,92%, AUC: 80,52%) and BA-SVMs (ACC: 81.76%, AUC: 80.06%)
outperform RF (ACC: 80.21%, AUC: 76.75%), BA-DTs (ACC: 79.89%, AUC: 75.8%), GB-DTs
(ACC: 80.31%, AUC: 77.21%), and XGB (ACC: 80.07%, AUC: 75.29%). In Table 6, the results of
proper statistical analyses reveal that GB-SVMs and BA-SVMs revealed statistically significant
comparisons with ensemble models using the decision tree (all p-values are less than 0.05).

Table 4: Accuracy classification results of twelve algorithms on 40 datasets

ID KNN NB LR DT ]l;,?s ]?’[]‘Ss RF XGB LSVM SVM SE@[S SSll\g/Is
1 46.88 56.25 46.88 53.12 56.25 62.5 4062 50 53.12 50 54.06 65.31
2 875 91.67 9444 83.47 88.89 88.89 90.28 86.11 95.83 93.06 94.16 91.53
3 9222 8556 87.78 92.22 91.11 94.44 9444 93.33 90 9222 92.11 95.78
4 80 7889 68.89 8556 86.67 87.78 87.78 8&l.11 78.89 80 94.67 &9
5 7547 64.15 72.64 7642 72.64 6981 71.7 717 70.75 783 77.17 7T7.74
6 71.55 6983 71.55 75.86 75.86 7931 73.28 7845 7T1.55 75 7879 79.91
7 8649 83.11 86.49 73.65 83.78 88.51 86.49 85.14 86.49 87.84 88.72 90.54
8 80 7548 67.1 7529 82.58 81.94 82.58 79.35 76.77 80.65 80.97 83.42
9 69.09 67.88 7091 60.18 7091 7091 7273 77.58 7333 72.773 73.82 76.96
10 67.58 67.03 45.05 70.6 69.78 6593 7198 67.03 67.03 74.18 73.63 73.85
11 9436 71.28 86.15 88.67 91.28 93.85 91.28 91.28 86.67 93.85 94.26 95.38
12 78779 66.16 75.76 76.26 81.82 7828 79.29 80.81 82.32 77.78 80.05 82.02
13 96.28 97.74 98.14 91.67 94.88 94.88 95.81 9535 9721 98.14 98.09 97.76
14 81.67 83.75 80.83 82.17 78.75 80.42 81.67 79.58 80 82.08 82.21 81.88
15 68.54 68.54 70.04 7491 6891 73.41 71.16 70.04 7228 7228 724 74.01
16 73.78 7341 77.15 829 824 78.65 81.65 81.27 809 7341 81.76 83.56
17 83.33 84.07 84.81 8141 80 81.85 82.22 8333 837 84.44 85.08 83.92
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71.87
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71.87

69.13

70.91

72.45
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91.22

90.24

89.43

91.06
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93.01

92.36

93.33

92.68

91.71

93.2

93.6
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92.39

84.33

95.31

57.24

94.29

94.14

95.02

94.73

94.88

94.58

94.7
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95.85
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83.87
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63.25
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74.63

63.25
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70.98
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74.89

74.46

74.34

74.13
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84.18

65.24
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91.59

91.47
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91.71

83.88

89.57
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40

76.98

63.64

79.8

74.11

80.23

80.46

87.65

88.63

74.21

83.75

85.46

88.84

Table 5: AUC classification results of twelve algorithms on 40 datasets
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Table 6. Statistical Tests for Comparing Classification Algorithms

Comparisons p-values Wins Ties Loses p-values Wins Ties Loses

Comparison of the performance of GB-SVMs & the base classifiers

GB-SVMs & KNN 1.47e-7 38 1 1 2.43e-4 34 0 6

GB-SVMs & NB 2.32¢-8 36 0 4 1.43e-6 35 0 5

GB-SVMs & LR 2.70e-7 36 0 4 7.58e-4 27 0 13
GB-SVMs &DT 1.30e-5 34 1 5 5.66e-6 33 0 7

GB-SVMs & LSVM 5.63e-5 35 0 5 7.28e-5 34 0 6

GB-SVMs & SVM 4.95¢-6 31 0 9 2.83e-4 30 0 10
Comparison of the performance of GB-SVMs &the ensemble models based DTs

GB-SVMs & RF 1.15e-4 38 1 1 2.89e-5 37 0 3

GB-SVMs & XGB 1.62e-7 38 1 1 7.59e-5 36 0 4

GB-SVMs& BA-DTs 5.86e-01 39 0 1 4.18e-1 39 0 1

GB-SVMs& GB-DTs 2.78e-8 39 0 1 1.66e-3 36 0 4

Comparison of the performance of BA-SVMs & the base classifiers

BA-SVMs & KNN 2.18e-6 35 0 5 6.69¢-4 31 0 9

BA-SVMs & NB 7.31e-8 38 0 2 2.47e-5 34 0 6
BA-SVMs & LR 4.16e-6 36 0 4 7.47e-3 30 0 10
BA-SVMs & DT 3.19¢-4 32 0 8 2.03e-4 32 0 8

BA-SVMs & LSVM 1.23e-3 32 0 8 2.17e-3 30 0 10
BA-SVMs & SVM 2.37e-4 33 1 6 3.90e-3 28 1 11
Comparison of the performance of BA-SVMs & the ensemble models of DTs

BA-SVMs & RF 1.02e-2 28 0 12 9.03e-3 27 0 13
BA-SVMs & XGB 4.29¢-3 30 0 10 6.73e-3 26 0 14
BA-SVMs & BA-DTs 1.38e-3 33 0 7 5.75¢-03 30 0 10
BA-SVMs & GB-DTs 1.10e-2 30 0 10 1.19e-2 27 0 13
Comparision GB-SVMs and BA-SVMs

GB-SVMs & BA-SVMs 1.16e-2 28 0 12 5.29e-1 24 0 16

Finally, in the comparison between GB-SVMs with BA-SVMs, GB-SVMs is superior to BA-
SVMs with 28 wins, 12 defeats, p-value=1,16e-2 for using ACC metric. However, GB-SVMs is
slightly superior to BA-SVMs with 24 wins and 16 defeats, p-value=5.29e-1 (not significantly
different) using AUC scores.

We can see that SVM ensembles perform better than single SVM classifiers in most cases,
particularly SVMs with an RBF kernel function. There are many ensemble classifiers that can perform
the best for all of the evaluation metrics in Table 6. These results allow us to believe that GB-SVMs
and BA-SVMs efficiently handle medical data to improve medical diagnosis.

In addition, BA-SVMs employ a divide-and-conquer strategy by aggregating many SVM models,
trained on small sub-samples of the training set. It helps total training time decrease significantly,
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even though more models need to be trained. Training p classifiers on sub-samples of size g , results

2
in an approximate complexity of Q. This reduction in complexity helps in dealing with large
pp plexity »

datasets and nonlinear kernels. Comparison of the computational times for training, GB-SVMs and
BA-SVMs need time more than single SVM because these models train many SVM models. For BA-
SVMs, this algorithm can run parallel with multiple cores. In our experiment, SVM need 0.86s to
train, BA-SVMs only uses 0.27s to train with 16 cores and GB-SVMs uses 6.23s. However, in our
opinion, time training of the suggested models is appropriate, particularly when the final prediction
model yields the greatest results in terms of classification ACC and AUC.

Comparison with Related Works and Discussion

In order to compare the result of our study with previous studies, we present some related studies that
use the same datasets as our experiment. Also, to see how the proposed method compares to similar
studies, Table 7 shows the proposed method compares to studies that used medical datasets. Remark,
there are only compare to with studies without feature selection in the pre-processing data stage.

Table 7. Comparison with related works

Dataset Researches | ACC and algorithms used in ACC
research of Our work
Cervical cancer [19] 87.5% (logistic regression) 91.53%
5 —

Cryotherapy 71 | oresy 95.56 (k nearest nciibor) | 9578%
Immunotherapy [40] 85.6% (feedforward neural network) 89%
Lymphography [41] 84.46% (MLP) 77.03% (J48) 90.54%
Hepatitis [3] 84.07% (SVM) 83.42%
Hepatocellular carcinoma [42] 72,1% (logistic regression) 76.96%
EEG signals (Planning Relax) [43] 85,73% (fuzzy-rough trees) 73.85%
Parkinsons [44] 95% (deep forest) 95.38%
Thyroid (8] 94.4% (k-nearest neighbor) 97.76%
Parkinson [45] 86.2% 81.88%
SPECT heart [46] 71.12 % (SVM) 74.01%
SPECTF heart [47] 74.11% (Linear SVM) 83.56%
Statlog heart [48], [49] | 94% (deep learning), 87.4% 83.92%
Haberman's Survival [50] 75.18 % (L-perceptron) 74.25%
Bupa Liver Disorders [6] 80% (random forest) 74.84%
Chronic [51] 97% (deep ANN) 99.8%
Arrhythmia [52] 66% (SVM), 72% (random forest) 74.76%
Thoraric surgery [53] ?Sé&gXGB)’ 81,89% (RF), 84,36% 85.32%
Diabetes sylhet [54] 96% (neural network) 99.04%
Br§ast Capcer Wisconsin [9] 97%'(S'VM, decision jungle), 95% 98.1%
(Diagnostic) (decision tree)

Indian Liver [55] 71.87% (random forest) 72.45%
Hepatitis C virus [56] 94,4% (KNN) 93.6%
Soybean [57] 89,22% (SVM), 91,18%(ANN) 95.47%
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In Table 7, we present some studies related to medical data classification. Each row show
information to compare between the related work and our models. The first column is the dataset
name that is used in the experiment. The second column is a source reference for research. Their
classification accuracy is shown in Column 3. The last column presents classification accuracy for
our models (GB-SVMs or BA-SVMs). The values improved are bold in Table 7. These comparisons
show that an ensemble of support vector machines can predict disease based on medical data with
good accuracy for many types of complex diseases. However, for a few medical datasets, these
proposed algorithms are not suitable due to their low classification accuracy compared to other
algorithms.

Furthermore, Table 7 also shows the characteristics of each data mining modality. Despite all the
work, no widely used method exists for organizing medical data. The most reasonable explanation is
because the medical field demands extremely precise data, particularly a very low percentage of false
negatives. However, there are general methods that can be applied to a wide range of data. Specialized
methods for specific applications that take prior knowledge into account can lead to improved
performance.

However, there are challenges, including data mining techniques, unbalanced data, noisy data,
performance, and scalability. Therefore, choosing an appropriate approach to a classification problem
can thus be a difficult decision, and medical data classification tasks can be improved. Since there
hasn't been a lot of research on how to use data mining techniques to classify medical data, there is
room for more research and interesting research opportunities.

Conclusion and Future Works

In this research, we have suggested two methods for classifying medical data: GB-SVMs and BA-
SVMs. The study aims to discover the best algorithms for medical data through experimentation and
analysis on various datasets. In order to create an ensemble of classifiers that is more accurate than a
single SVM model, our suggested method entails training several SVM classifiers in the techniques
of bagging and gradient boosting. The results indicate that the GB-SVMs and BA-SVMs outperform
the individual model, base classification models, and ensemble method-based decision trees on forty
medical datasets.

Future research can use SVM classifiers to implement the additional ensemble learning methods
of stacking and voting for the classification of medical data. Additionally, a hybrid model that
combines feature selection and classification algorithms can be utilized to enhance the accuracy of
predictions for medical datasets.

Appendix:
List of Abbreviations
Abbreviation Definition
CDSS Clinical decision support system
SVM Support vector machine
RF Random forests
KNN K nearest neighbors
DT Decision trees
NB Naive Bayes
LR Logistics regression

RBF Radial basis function
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LSVM Linear support vector machine
ACC Accuracy
AUC Area Under the ROC Curve
BDT boosted decision tree
BA-SVMs Bagging of support vector machines
GB-SVMs Gradient boosting of support vector machines
BA-DTs Bagging of decision trees
GB-DTs Gradient boosting of decision trees
XGB Extreme Gradient Boosting
ucCl University of California at Irvine
LOO Leave one out
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