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Abstract

Support Vector Machines (SVMs) are supervised learning models used to examine data sets in
order to classify or predict dependent variables. SVM is typically used for classification by
determining the best hyperplane between two classes. However, working with huge datasets can
lead to a number of problems, including time-consuming and inefficient solutions. This research
updates the SVM by employing a stochastic gradient descent method. The new approach, the
extended stochastic gradient descent SVM (ESGD-SVM), was tested on two simulation datasets.
The proposed method was compared with other classification approaches such as logistic
regression, naive model, K Nearest Neighbors and Random Forest. The results show that the
ESGD-SVM has a very high accuracy and is quite robust. ESGD-SVM is used to analyze the heart
disease dataset downloaded from Harvard Dataverse. The entire analysis was performed using the
program R version 4.3.

Keywords SVM, classification, reduction of dimensions, variables selection, gradient descent,
heart disease.

1. Introduction

Suppose we have a data set where for each subject we have information about an [I-
dimensional covariate vector , x,,, and a response y that has two possible categories. Our goal is
to develop an algorithm that allows us to predict for each new observation the category of its
response based on its [l-information. The Support Vector Machine (SVM) is one of the many
methods to do this, such as: Logistic Regression [1], Random Forest [2], k nearest neighbors [3],
Naive Bayes [4] and LDA [5]. SVM is a supervised learning technique, i.e., we create a classifier
based on a training dataset and use this classifier for future observations.

412


https://jih.uobaghdad.edu.iq/index.php/j/index#1609-4042
https://jih.uobaghdad.edu.iq/index.php/j/index#2521-3407
mailto:gmahdi@ihcoedu.uobaghdad.edu.iq
https://orcid.org/0000-0002-4444-4362
mailto:serorfaeqmohammed@gmail.com
https://orcid.org/0000-0003-4870-4034
mailto:gmahdi@ihcoedu.uobaghdad.edu.iq,
https://orcid.org/
mailto:mkk006@uark.edu

IHIPAS. 37 (1) 2024

For group one, let y = +1 and for group two, let y = —1. The goal of SVM is to design a
classifier f(x) such that, the classifier rule: y = +1if f(x) > 0andy = —1if f(x) < 0, can
be used to determine the response category given the covariate information. Unlike LDA, SVM
does not use any distribution for x given its category. Instead, it is a geometric procedure that
finds the classifier according to some optimization criterion.

In this work, we will discuss linear and nonlinear SVMsSuppose f(x)=,8-0.+,8-T.X for
unknown parameters (,8-0.,8) is a function, a hyperplane in the space, that acts as a separator
between the two response categories. .

Linearity is a simplifying assumption, and it is not reasonable to always assume that f is linear,
because in general, non-linear SVMs are a popular tool for many real-world applications. In some
cases, linear separation may work sufficiently so that we do not need to consider nonlinear
assumptions.

We organize the paper as follows: In Sections 2 and 3, we introduce the hard (linear) boundary
and the soft (nonlinear) boundary. The kernel transformation and its properties are discussed in
Section 4. The improved SVM with stochastic gradient descent is explained in Section 5.
Simulation studies with three data sets and the application to heart disease are described in Sections
6 and 7, respectively. Finally, the results and discussion are discussed in Section 8.

2. Hard Margin

Assume that two categories are linearly separable, so there exists a hyperplane f(x) = S, +

BT = 0 that separates the categories. Our task is to find out estimates of B, and 5. Suppose

(D y,), (x@,y,),...(x™, y,,) are n data points from above setting. Consider any hyper plane

Bo + BT = 0 in the x-space. The perpendicular distance of the i" covariate point x® from this

Bo+BTX®
1Bl

these distance is called the margin, i.e., there is no data point within this distance on either side of

this line with respect to this training dataset [7].

lineisd; = y; , and for all training data points y;(8, + £'x) > 0 [6]. The minimum of

The aim is to find a line that has maximum margin among all candidate lines. That line is
going to be our estimate of classifier f(X). The intuition behind keeping the margin maximum is
a supervised learning procedure. We want to ensure that, for new observations (test data), we
accurately determine category of y. We want to maximize the margin because it gives us a room
for allowing for variation between training and test datasets.

Assume the optimization problem is

g2

minﬁo,ﬁ% subject to y; (8o + fTxO) > 1 fori=12,...,n 1)

If (B,, ) represent the solution to this optimization problem, some statements according to eq(1)
can be hold.

First, f(x) = B, + BTX = 0 represents the estimated linear classifier. For any new data point with
covariate information x,, evaluate f(xy) = By + BT X,. If f(x,) > 0, decide categoryl for that
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observation, otherwise if f(x,) < 0, decide category 2. Second, the margin of the classifier is: ﬁ?n

. Geometrically, there will not be any training data points between the lines
Bo+ BTX =+1andf, + fTX = —1.

As shown in Fig.1, many lines can separate two groups ( H,, H,, H3, and H,), but there is only
one optimal separating hyperplane (H) with two boundary hyperplanes (H,,; and H,,,) see Fig.2.
Third, the training data points lie exactly on one of the above two lines (margins) are referred to
as support vectors, so the estimates f3,, 8 depend only on the data points that are support vectors.

That means all data points inside the correct margins have no role in determining the form of the
classifier. This property makes SVM very useful for massive data classification problems [7].

Support vector Machines
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Figure 1. Some lines that separate two groups: H,, H,, H;,and H,.
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Support vector Machines
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Figure 2. separating hyperplane, H, with two boundary hyperplanes : H,,; and H,,,.

3. Soft Margin

Suppose the assumption of linear separability does not hold between the two categories. That
implies, no matter what hyper plane B, + B7X = 0, there will always be points (x, y) such that:

Bo+PTx>0buty=—1and By + BTx <0buty = +1.

Consider a nonnegative variable K; for each observation 1 =1,2, ..., n. K; denotes the amount of
push an observation needs to go the correct side of the margin. We have shown in class that [8]:

a. For points already obeying correct margin, K; = 0.
b. For points violating the margin but staying on the correct side of the line, 0 < K; < ﬁ.
c. For points violating the margin and moving to the other side of the line K; > ﬁ

By solving the optimization problem, the estimates of (S,, ) can be found:

n

min IBI? .

il + CE s; subjectto y;(Bo+ BTXD)>1—s5;5,>0 fori
i=1

BoBrsi 2 (2)

=1,2,...,n

In eq (2), C is a pre-fixed turning parameter that balances the relative importance of maximizing
the margin and minimizing the total amount of push required for points violating the margin.

If (B,, B) represent the solution to this optimization problem, then the following statements hold:

1. f(x) = By + BTx = 0 represents the estimated linear classifier. For any new data point with
covariate information x, evaluate f(x) = B, + BT xo.If f(xo) > 0, decide category 1 for that
observation, otherwise if f(x,) < 0, decide category 2.
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2
g

3. In machine learning literature {s;} are called slack variables.

2.The Margin of the classifier is:

4. In this case, the support vectors are defined as those observations in the training data lies exactly
on any one of the two correct margins, y; (B, + BTx®) = 41, or violate the correct margins,
yi(Bo + BTx®) < +1.

5. It turns out that the estimations B,, B depend only on the data points which are support vectors.

That means all data points inside the correct margins have no role in determining the form of the
classifier. This property makes SVM very useful for massive data classification problems.

For any two nonlinearly separable classes (e.g., because of the noise), the optimal hyper-plane
condition including an extra term can be formalized as follows:

yilxiw+b) 21—

y ,i=1,...,n.
The objective function should be minimized, i.e., {; = 0 should be minimized as well as Iwl, as

follows:

minimize wiw + ¢y, 44: subject to y;(xfw+b) =1— gand g = 0;i =

1,...,n.

©)

Ineq (3), Cisaregularization parameter that controls the balance between making the margin
as big as possible and making the training error as small as possible. Small C tends to focus on the
margin and ignore outliers in the training data, while large C may cause the training data to be too
well fit (see Figure 3).

3.1 Second Norm Soft Margin

The optimization problem is called the second soft (nonlinear) margin problem when k = 2, i.e.,

m
minimize w'w +c Z Qiz.
i=1
subjectto y;(x{w+b) =21-¢, (i=1,...,m).
Not that if £, > 0 is declined, similarly if £, < 0, we can set it to zero and the above function
can be further reduced.

The initial Lagrangian for the above 2-norm problem is

=1

1 . c n n .
LAWﬁ@M)zyyw+EE(ﬁ—gcnwwvx+m—1+gl
i=1

Substituting

n

oL = oL oL
%=W—Zyiaixi=0; a—§= cf—a=0; %=Z}’iai=0-

=1 i=1

Into the initial Lagrangian, we get the dual problem
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maximize Ly(a) = z a; — 2 2 yiyjaiajijxi — Z—Z a?
i=1 =1 j=1 ‘=
m m m
1 r 1
= z a; — EZ Z yiyjaia; (% x; + E6ij)-
i=1 i=1 j=1

Subjectto  a; = 0,312, a; y; = 0.

The above quadratic programming can be solved for «;. As a result, all support vectors that
correspond to x; > 0 satisfy the following condition [8]:

yiXfw+b)=1-4¢.
Substituting w = ;s ¥;y;%; into this equation (where S is the set of support vector), we get:
ViQjesVioi(X{X) +b) =1—-¢;, i.e., ¥ Yjesy;j (x[x) =1—& —y.
For the optimal weight w, we have :

Iwl? : wTw = Z a;y;x! Z ajyjx; = z a;y; Z a;yix} x;.
i€s JES = JES

Yies @;i(1 =& — y{) = Vies @ — Vies %i&i — b Lies Vi,
Since ¢; = a;/C, we have:

1
Yies @i — Lies idi = Lies i — ; Lies af-

Therefor the optimal separation margin becomes:

1 1 )
= Qies @ — = Xies a?)~12,

3.2 First Norm Soft Margin

The optimization problem is called the first soft (nonlinear) margin problem when k =1, i.e.,
minimize w"w + ¢ Y1, €,
Subjectto y;(x/w+b)=1-(, ¢ = 0;i=l,...,n.

The first norm algorithm is less complex compared with the second norm algorithm. It is powerful
when the training dataset has outliers. The first norm method should be used to ignore the outliers
when the data is noisy [9,10].

The primal Lagrangian for first norm problem above is:

n n

Lp(W, b,f, a,'Y) = %WTW + Czlyifi - Z[yi(WTx + b) -1+ El] - zlyifi'

with a; >0 and ’Y; = 0. substituting

S
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0;

oL

oL - L~
%=W—Zyl'aixi= ; a€=cf—a=oi %=Zl}’i“i=0-
1= 1=

Into the initial Lagrangian, we get the dual problem:

. . P 1 T P
maximize Ly(a,Y) = Xz a; — > o1 = ViY@ Xy — Nimq ;& — X Y& +

1
cXit1§i = Xt & — 5 Xis1 Xima Vi aiax] x;.

subjectto 0 < a; <c¢, X', a;y; =0.

Remarkably the dual problem objective function is the same as that of the linearly separable
case that was discussed previously. This is because the cancellation depends on ¢ = a; + y;. Now,
when a; = 0and Y; = 0, we get 0 < a; < c. When we solve the Quadratic Programming (QP)
problem for «; , the following optimal decision plane with the margin can be gotten:

(Z_ Z ai“jYinxiij)_l/z
IES JES

4. Kernels Transformation

The kernel transformation techniques can be applied when, the condition set of Karush-Kuhn-
Tucker (KKT) are satisfied. Eq (1) is linear in terms of the new space that ¢ (x) maps the data to
non-linear in the space, see Figure 3. The most common kernels are: linear, polynomial, sigmoid
or Multi-Layer Perceptron (MLP) and Gaussian or Radial Basis Function (RPF) [11-13]. Their

expressions are as follows:
Linear kernel:K (x;, x;) = x] x;.
Polynomial kernel:K (x;, ;) = (1 + x] x;)P.
Sigmoid (MLP) kernel: K (x;, x;) = tanh(kyx{ x; + k3).

_(xi_xj)T(xi_xj)]

Gaussian (RBF) kernel: K (x;, x;) = exp| e

xXZ
>
w

x1

Figure 3. Tow-dimensional space verses three-dimensional space.
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we define the kernel function as K(x;, x;) =< ¢(x;), d(x;) >= (x;)" d(x;) where p isa
mapping from input space to output space, see Figure 4.

+

-
<

(a) with X = (x4,x,) € R? ito a feature space (b) with Z = (24, z,, z3) € R3,using @ R? -
R3
Figure 4. Transforming a nonlinear data set using a kernel.

Now, the corresponding dual form is

1
L(a) = ¥ty a; — 5 Xicq Xj=1 2:2;y:1y;K (x1, %), @)
SUbjeCt to Z?:l )y = 0 a; >0, i=1,...,n
Eq (4) is called a cost function, and it is convex and quadratic in terms of the unknown
parameters. It can be solved using quadratic programming. The final decision rule for

classification using KKT conditions is [14,15]:

Ns
LG’ o) = ) i Ko x) + o
l:

Where N is the number of support vectors, and «a; the non-zero Lagrange multipliers that
associated with the support vectors.

5. Enhanced Stochastic Gradient Descent SVM

The goal of this section is to minimize the following function,
1 T T
L(B) =5 B3Bo + K ) max(0,1 = yifx;) )
i
Equation(5) is a quadratic optimization problem and it is convex in [1. In the previous section,
the QP technique was used, but it is very slow. If there are no constraints, gradient descent can be

used [16,17]. In general, the gradient goes in the opposite direction to get to the minimum, as
shown in Figure 5.a, because the function is in the direction of the steepest slope.
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L(B)

a. Minimizing L(f) using a general strategy b. Minimizing L(B) using SGD

Figure 5.Minimizing L(8) using stochastic gradient descent.

The general gradient descent SVM strategy (GD-SVM) for minimizing Eq.(5) starts with an
initial value for g, say 8°, then iterate until convergence. GD-SVM is faster than QP, but it is still
slow because computing V(3/) takes [1(17) time in complexity, where [ is the size of the training
dataset. If [J is large, GD-SVM is slow [18,19]. In Stochastic Gradient Descent (SGD), the value
of the objective function is improved at each step. Evaluating the gradient for each training sample
instead of evaluating it for all samples speeds up the process. This pressure is called Enhanced
stochastic gradient descent SVM (ESGD-SVM). As can be seen in Fig.5.b, ESGD-SVM requires
many more steps than the GD-SVM method, but it is less computationally intensive at each update;
and ESGD-SVM is faster than the GD-SVM method. The ESGD-SVM algorithm (Algorithm 1)
is guaranteed to converge to the minimum of [ if ,(1-[1. is small enough [20-22].

Algorithm 1: SVM using Stochastic Gradient Descent (ESGD-SVM)

Given atraining set S = {(x;, y):x € R"and y € {—1,+1}}
Repeat until convergence

1. Initial value: g°.

2.Fori=1,..,k

. 0 . Y
i. compute: V(B7) = W%’f) =Bl +RY%, aLg’;’jy‘), where R is a regularization factor.

ii. recompute g as follows: B/ « B/ —nV(B7), where 7 is the learning rate value.

iii. VJ'(BY) = %,BOT[?O + K - N - max(0,1 — y;8Tx;), where N is the number of training
examples.

iv. Update g as follows: B¢ « Bt=1 — y, VJ*(Bt™1).

3. Repeat (x;,y;) to make a full dataset and take the derivative of the SVM objective at the
current St~ to be VJt(Bt1).

4. Return final S.
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6. Simulation Studies

To test the GD-SVM and ESGD-SVM methods, two simulation datasets with 100 and 200
observations are created. Each dataset contains a set of variables and a response comprising two
classes. In real life, it is not known whether the data sets are linearly or non-linearly separable, so
complex data sets (non-linearly separable) are generated. GD-SVM and ESGD-SVM are applied
to the two data sets by using different types of kernels. In both methods, the MLP kernel provides
the best accuracy in the two datasets [23,24]. In Table 1, GD-SVM and ESGD-SVM are compared
in terms of the best value of [], the number of support vectors, using sensitivity (also called true-
positive rate) and specificity (also called true-negative rate) [25,26].

Table 1. Comparison between GD-SVM & ESGD-SVM for a data set with 100 and 200 observations.

. Kernel Best K Number of s e
Sample size Method Support Sensitivity%  Specificity% Accuracy

Type Value Vectors

Linear 0.78 13 82.30 89.43 86.43

Polynomial 0.45 31 94.40 92.58 93.56

GD-SVM RBF 0.32 19 92.74 94.01 93.01

100 MLP 0.23 22 90.95 94.33 92.33

Observations Linear 0.96 12 92.30 97.43 93.45

ESGD-  Polynomial 0.55 19 95.40 96.53 95.53

SVM RBF 0.37 15 96.74 97.01 96.53

MLP 0.33 16 98.95 96.33 97.33

Linear 0.83 23 81.31 87.43 85.43

GD- Polynomial 0.26 41 89.44 91.55 90.54

SVM RBF 0.39 28 89.74 84.01 87.01

200 MLP 0.24 33 89.94 91.73 90.72

Observations Linear 0.92 14 80.33 83.83 82.81

ESGD- Polynomial 0.57 29 87.43 88.58 86.54

SVM RBF 0.48 25 88.44 87.97 87.99

MLP 0.37 28 86.41 85.96 85.66

7. Real Dataset

The modification of the SVM using stochastic gradient descent is the main topic of this paper.
For real data applications, we have used South African heart disease data. The dataset was
downloaded from [18]. In this dataset, a historical sample of men in the Western Cape of South
Africa, aregion with a high incidence of cardiovascular disease, is described. The following patient
characteristics were recorded for each high-risk individual: Factors such as age, type A behavior,
family history of heart disease, systolic blood pressure, cumulative cigarette consumption, low-
density lipoprotein cholesterol, body fat percentage and obesity. The total number of samples in
this data collection is 462. Obesity refers to a high percentage of body fat, while obesity is defined
by a high weight-to-height ratio (body mass index, BMI) [27] Excessive antagonism, aggression,
and competitiveness are hallmarks of the Type A personality. We will see if we can extrapolate
Idl from the available data. Since low-density lipoprotein (ldl) cholesterol is the "bad" cholesterol,
elevated levels are thought to be associated with obesity and adiposity. The aim is to create a
predictive model for Idl by selecting the most important factors [28].

In Table (2), we examine the Pearson correlation coefficient between the groups. It can be seen
that there is a high significant correlation (marked with **), a significant correlation (marked with
*) and a weak correlation between the variables [29,30].
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Table 2. Pearson correlation matrix between variables of heart disease dataset

Pearson L. .
Correlation sbp tobacco IdI adiposity  typea obesity  alcohol
R 0.212
tobacco P 0.092
Il R 0.158 0.159
P 0.958 0.203
adiposit R 0.357* 0.287 0.440**
posity P 0.043 0.349 0.002
tvpea R -0.057 -0.015 0.440* -0.043
yp P 0.945 0.503 0.039 0.203
obesit R 0.238* 0.125 0.331* 0.717** 0.074
y P 0.043 0.349 0.049 0.014 0.249
alcohol R 0.140 0.201 -0.033 0.123 0.039 0.052
P 0.413 0.459 0.953 0.034 0.254 0.359
age R 0.389* 0.450** 0.312 0.626** -0.103 0.692** 0.101
g P 0.042 0.011 0.059 0.023 0.539 0.024 0.239

R: Pearson correlation, P: p value
**High significant correlation between variables ( p value < 0.01).
*Significant correlation between variables (p value < 0.05).

The estimated coefficient for the model was calculated in Table (3), some variables were highly
significant since p value was less than 0.02, and some were significant where p value < 0.05. In
general, 6 variables are selected as important variables in the dataset.

Table 3. Estimated coefficient for model using heart disease dataset.

Variables in the =~

Equation B S.E. Wald P-value Exp(B)
Constant -5.225 1.315 15.782 <0.001** 0.005
sbp 0.007 0.006 1.288 0.256 1.007
tobacco 0.379 0.027 8.903 0.003* 1.083
Idl 0.174 0.06 8.498 0.004* 1.19
adiposity 0.019 0.029 0.403 0.526 1.019
famhist -0.925 0.228 16.488 <0.001%** 0.396
typea 0.340 0.012 10.329 0.001* 1.04
obesity -0.063 0.044 2.021 0.155 0.939
alcohol 0.002 0.004 0.001 0.978 1
age 0.453 0.012 13.901 <0.001** 1.046

*Significant effect for the parameter in the equation.
**High significant effect for the parameter in the equation.
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Instead of using 6 variables in the model as it was illustrated in Table (3), the principal component variable
can be used to reduce the components. In Figure 6.a, we draw a curve as a scree plot to show the number
of components depends on their eigenvalues. Using an eigenvalue equal to 1 as a cut off, three components
(RC1, RC2, RC3) are satisfactory to represent all the variables in the dataset. Figure 6.b shows the
connection between the variables and their components.

Scree Mot
typea
0 /
{res) alcohol
tobacco
i
£ sbp
§ ¥ RC2
— 1 age
e — =
* >
~s obesity
- . o
-t 54 adiposity ~
! i ¢ b [} g 1
Compenent Number Idl -
a. Number of principles that should be used in | b. Diagram for connection between variables and
EDSGD SVM their component.

Figure 6. Importance variables for heart disease dataset using PCA technique.

The summary of the main principles and their weight according to the variable that is used in the
real dataset is shown in Table 4.

Table 4. Principle components for the dataset.
Component Loadings

Variables RC1 RC2 RC3
sbp
tobacco 0.683
o] 0.747
adiposity 0.868
typea 0.959
obesity 0.877
alcohol 0.853
age 0.477

Figure 7 shows the important variables and their connections. In Figure 7.a the important
variables are sorted in order. It shows that age and Idl are the most important variables followed
by tobacco and typea. Figure 7.b shows the connection between variables. We see the strong
connections are marked with thick blue lines, and the weak connection were marked with thin blue

lines.
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ol zed Importance

' \

Inacrtance

b. The connection between variables

a. Sorting variables depend on their importance

Figure 7. Path diagram for the relation between the variables and the component.

8. Results and Discussion

The enhanced version of SVM (ESGD-SVM) is applied to the heart disease dataset. A comparison between

some different kernel functions had been shown. In application, we applied the most common kernel which
is linear, polynomial, RBF and MLP kernels. In addition, the proposed method was compared with some
common methods. These methods used the same dataset for leukemia classification which are k-nearest
neighbor random forest and naive Bayes. In Figurel0, ESGD-SVM classification method for the heart
disease dataset is plotted. The two most important variables, which are tobacco and Idl are used for
visualization. As it is shown from the plot (Figure 8) and the table (Table 5) the best version for ESGD-
SVM method is satisfied when the RBF kernel is applied.

The MLP kernel gets 98.10% accuracy which is the highest performance compared with other kernels.
SGD-SVM performed 96.53% accuracy for the linear kernel, 98.03% accuracy for the polynomial kernel,
and 96.53% accuracy for RBF kernel. ESGD-SVM performed much better than other methods where
logistic regression performed 87.42% accuracy, k-nearest neighbor performed 86.70% accuracy, random
forest performed 87.33% accuracy, and naive Bayes performed 84.34% accuracy.

SVM classification plot SVM ctassification plot
a4 ] 4 ]
N A R e
34 Glllaic & . y Spusao ©
-"«.':‘?-‘,:v o :';.“
P ° 5% o
z o] —-— - e p—-4
b
. =% - | -~
1 ——— T e
1 2 3 1 3
wbacco bacco
a. Linear kernel b. Polynomial kernel
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SVM classification plot SVM classification plot

N
N
w

fobacco lobacco

c. RBF kernel d. MLP kernel
Figure 8. Classification for heart disease dataset using ESGD-SVM.

Table 5. Comparison between ESGD-SVM, logistic regression, k-nearest neighbors, random forest, and  naive
Bayes for classification heart disease dataset.

Methods Supruon:tbS/I;:gJors Sensitivity % Specificity % Accuracy Rate %

Linear kernel 42 96.61 98.67 96.53
Polynomial kernel 96 98.19 94.19 98.03

ESGD-SVM
RBF kernel 51 96.61 98.67 96.53
MLP kernel 48 97.21 99.10 98.10
Logistic Regression 86.39 89.48 87.42
k-nearest neighbors 85.20 88.40 86.70
random forest 89.33 84.87 87.33
naive Bayes 86.49 82.71 84.34

The Receiver Operating Characteristic curve, or ROC curve, is shown. ROC is a graphical plot
that illustrates the diagnostic ability of a binary classifier system as its discrimination threshold is
varied for both the Logistic regression model and ESGD-SVM models.

Sensitivity
Sensitivity

o 4 8 o 0 2 “ o ) 10

1 - Specificity 1 - Specificity

a. ROC for ESGD-SVM model b. ROC for Logistic regression model

Figure 9. ROC curve for both ESGD-SVM and Logistic regression models.
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9. Conclusion

This paper presents the ESGD-SVM method. The stochastic gradient descent process is used to
develop the method. The kernel transformation technique and dimensionality reduction for
variables are used to achieve the best classification accuracy with ESGD-SVM. Two simulation
datasets are used to test the implementation of the method. The results show that ESGD-SVM has
higher accuracy compared to some other classification methods: logistic regression, k-nearest
neighbors, random forest and naive Bayes. When the method was applied to a real dataset (heart
disease), it was found that the highest accuracy (98.10%) was achieved by applying the MLP
kernel.
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