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Abstract

Schizophrenia is a disorder characterized by disturbances in thoughts, perceptions, and behaviors, making it a severe, chronic mental ill-
ness. Unfortunately, it is difficult to diagnose it due to lack of physical test, apart from its symptoms resembling that of several other mental
illnesses. A former study has used the Northwestern University Schizophrenia Data to identify Schizophrenics from non-Schizophrenics
using Support Vector Machines (SVM). Contrastingly, this research used a method that has never been used in Schizophrenia-related
problems, the Twin SVM approach. The strategy was employed in classifying the data and comparing the results between various studies.
In addition, it successfully classified Schizophrenia data in an accurate manner compared to the SVM method previously used. Precisely,
the Twin SVM with Gaussian kernel produced the best final accuracy in classifying Schizophrenia data, 91.0%.
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1. Introduction

Schizophrenia is severe and chronic mental disorder marked by dis-
turbance in thinking, perception, and behavior. The symptoms of
this condition are grouped into three; positive, negative, and cogni-
tive. The first one, positive symptoms, includes nonexistent brain
activities such as hallucination and delusion. On the contrary, neg-
ative symptoms encompass brain acts that should exist but are lack-
ing, for example, the absence of emotion and apathy. Lastly, cogni-
tive symptoms relate to memory disturbances and concentration dif-
ficulties [1]. These symptoms significantly impair the quality of life
and the productivity of Schizophrenics [2].

In the recent past, about ten percent of Schizophrenics have died
from suicide [3], an occurrence that has reduced the life expectance
of the victims up to three times lower than that of the population in
its entirety [2]. Moreover, 20-40% of Schizophrenics have at least
attempted suicide [3]. Even though the root cause of the disorder
has not been exactly determined, it can be suffered by anyone [2].
The fact that there is no radiology, laboratory, or psychometric test
to diagnose the disease, and the similarities of its symptoms with
other mental disorders, for example, Major Depression and Bipolar,
makes its diagnosis quite difficult [1]. To this end, it is factual to
conclude that Schizophrenia needs an easy, objective, and accurate
diagnostic method that will ensure an efficient treatment to the vic-
tims. One of the best diagnostic approaches is Machine learning.
Machine learning is an appropriate strategy, capable of studying the
patterns of training data and use the results obtained to predict the
testing variables [4]. With this approach, the use of psychological
evaluations to detect Schizophrenia is a classification problem. No-
tably, several studies have tried to utilize machine learning in diag-
nosing this disorder and its related matters. Most of them have em-
ployed the following machine learning approaches: Fisher Linear
Discriminant Analysis [5], Linear Discriminant Analysis and k-
Nearest Neighbor [6], Support Vector Machines [7], [8], Elastic

Net, and Least Absolute Shrinkage and Selection Operator [8].
Nevertheless, only Support Vector Machines and Elastic Net made
use of psychological evaluation results.

The Support Vector Machine (SVM) is a binary classification
method which creates a model that can generalize well [9] with op-
timum global solution [10]. In SVM, a hyperplane is created to sep-
arate the two target values so that the nearest distance between data
and margin is maximized. In this research, SVM was used since it
has a better generalization potential and accuracy [9]. Other than
being applied in Schizophrenia-related studies, the method has also
been used in other classification problems, for instance, in brain
cancer [11], insolvency prediction in insurance companies [12],
policyholders’ satisfactory [13], and in intrusion detection system
[14].

Besides, there is another machine learning method, Twin Support
Vector Machines (Twin SVM) that has not been tried in solving
Schizophrenia-related problem, though it is an improvement to the
SVM method [15]. However, it has been used in various studies,
including in the classification of Alzheimer’s disease [16]. In this
study, there was comparison in the performance of SVM, as in a
former research [7], against Twin SVM in classifying Schizophre-
nia data by means of simulations.

2. Classification of schizophrenia data

2.1. Schizophrenia data

This study used Northwestern University Schizophrenia Data [17],
specifically the clinical variables from the database. The variables
included the group, demographic (gender, dominant hand, ethnic,
race, and age), and questionnaires statistics from the Scale for the
Assessment of Negative Symptoms (SANS) [18] and Scale for the
Assessment of Positive Symptoms (SAPS) [19]. There were a total
of 392 observations and 65 variables in the data, out of which 171
samples were labeled “Schizophrenics” and 221 “non-
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Schizophrenics”. In addition to SANS and SAPS, there were other
scales used to evaluate Schizophrenia symptoms, the Brief Psychi-
atric Rating [20], Calgary Depression Scale for Schizophrenia [21],
and Positive and Negative Syndrome [22].

The SANS is an inventory used to evaluate the negative symptoms
of Schizophrenia. It is divided into five main parts with a total of
25 different symptoms, measured from 0 (no symptoms) to 5 (se-
vere). The five parts covered the following niches: emotional reac-
tion decline, alogia, avolition and apathy, anhedonia and asociality,
and attention [19]. Besides, SANS is closely related to SAPS, a
scale used to measure the positive symptoms of Schizophrenia.
However, it was made up of four different parts consisting of 34
distinct symptoms measured in the same way as SANS. These parts
include hallucination, delusion, bizarre behavior, and thought dis-
order [19].

2.2. Kernel function

Kernel function was defined by K(x;x; ) = < ¢(x), o(x;) >,
where @(x) is a function that maps x € R? to feature space F.
Therefore, when the inner product < ¢(x;), ¢(x;) > appears in
classification algorithm, it can be replaced by K(xl-,xj ) [15]. By
using kernel function, nonlinear data is expected to be separated
linearly in a higher dimension. This research used the Gaussian ker-

2
nel, K (x; x; ) = exp <— %) [24].

2.3. Support vector machines (SVM)

Let a set of m row vectors, 4;, (i = 1,2,...,m) € R¥ represent the
patterns to be classified, and y; € {1, —1} denotes the class of the
i-th pattern. For the data that can be separated linearly, w € R® and
b € R are determined so that: A;w > 1 —b fory; = 1and A;w <
—1—bfory; = —1[25]

The wlx + b = 0 is in between two other planes: wix +b =1
and w'x + b = —1. The plane (1) separates the two classes by a

margin ofm on each side. By maximizing the margin, the SVM

model is obtained and is equivalent to the following problem [15]:

1
P
(SVM 1) %TZW w
Subject to:
AiWS _1_b:3’i = -1 1)
Aiwzl—b,yi=1 (2)

If the two classes are not able to be linearly separated, (1) and (2)
may have errors on several patterns and therefore can be modified
into:

AiW+qi21_bf0ryi=1

3
AiW_Qi < _1_bf0ryi =-1
4)
q; = 0,i =
1,2,..,m
®)

The variable g; represents the error of the i-th sample. Since this
classification method separates data with some errors, it is consid-
ered a soft margin model that dependents on the value of q;. The
class of the testing sample is obtained by determining the sign of
wTlx + b [15]

The formulation of SVM with soft margin is given by:

(SVM 2)
T

min CeTq +

1
-W
2

w

Subject to:

Aw+q; =
1—-bfory; =1
®)

Aw—q; <—1-
bfory, =—-1
(6)

q; = 0,i =
1,2,..,m
7

The variable e denotes a vector whose entries are all 1, while ()T
represents transpose, as the scalar C depicts a trade-off parameter.
A smaller value of C means that the model would prioritize the min-
imization of w, while a larger one would opt for the minimization
of g [15]. By solving (SVM 2), the variable w and b can be calcu-
lated using [12]:

n
w= Z aiyi xi
i=1
®)

b= 205 = D i)

ies mes
)
2.4. Twin support vector machines (twin SVM)

Twin SVM forms two hyperplanes unparallel to each other:
xTw® + bW =0 dan xATw® + b®@ = 0. On each plane, data
from each class lie. Let the data from class 1 and -1 be notated with
matrices A and B and the number of patterns from each class be m;
and m, respectively, and n the number of features. [15]

The Twin SVM model is obtained by solving these quadratic pro-
gramming problems:

(Twin SVM + 1) :

1 T
min,@ p g 5 (Aw® + e;p D) (AW® + ep W)
+Celq®

Subject to:
—(Aw® +
e1b®) +q® > ey
(10)
q(l) >
0 (11)

(Twin SVM — 1) :

1 T
ml'nwu)’bu)’q(z) E (BW(Z) + ezb(z)) (BW(Z) + ezb(z))
+ CZqu(l)
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Subject to:

—(BwW +e,bW) +¢@ > e,
(12)

g@ =0
(13)

Where C;, C, > 0 are trade-off parameters, and eq, e, are vectors
with only the number 1 as their entries [15]

The Twin SVM algorithm generated two hyperplanes, each for one
class. It classified variables according to the hyperplane nearer to
the data. The first term in the objective function is the quadratic sum
of distance between a hyperplane and data of one class and thus,
minimizing such term would result in a hyperplane being nearer to
the data from one class. In addition, the second term minimizes the
classification error caused by data from the other class. The con-
straints given also require each hyperplane to be at least one unit
away from the data belonging to the other class [15].

Anew data x € R™ will be classified asa class r (r = 1,2) based on
which hyperplane is closest, or in mathematical equation:

miny—y ,x"w® + b0 = |xTw® + pO)|
(14)

Where | -] is the perpendicular distance between x and the
plane [15].

2.5. Optimization of parameters

In this study, using the grid search method, several parameters were
optimized. The grid search method works by finding procedurally
the combination of parameters that generates the optimum model
[25]. The optimized parameters in the research were: C on the inter-
val [1073,103] by logarithmic scale on the SVM method, and
Cy,C,0on10/,j = —5,—4,...,1 for the Twin SVM method. Unlike
the previous works, here the parameter o?was also optimized:
0% =10k k = —3,-2, ..., 3 for the Gaussian kernel in SVM and
0% =10k k =-3,0,1,3 in Twin SVM.

2.6. Validation of model performance

Hold-Out Validation was conducted to validate the model perfor-

mance. In this method, the data is randomly separated into two parts:

training and testing data. The testing data is be used to validate the
model. Hold-Out Validation is easy and fast [26]. In this study,
Hold-Out Validation was done on different data percentages. To
overcome the shortcomings of this method, that is the overdepend-
ence on the data used for training and testing [26], simulations were
performed for up to 10 times with a different set of data for each
percentage of the variable used.

2.7. Evaluation of model performance

Model performance evaluation was measured by accuracy, a meas-

ure of how often the classification model makes a correct prediction.

Simply put, accuracy is the ratio between the number of correct pre-
dictions and their total number [26]. A classification model perfor-
mance is considered good if it has a high accuracy [27].

3. Results and analysis of simulation

The results and analysis of classification of Schizophrenia data with
SVM and Twin SVM is presented in this section. The software
MATLAB R2017a was used to create the SVM and Twin SVM
models. The later used the program found on http://jaya-
deva.net/wp-content/uploads/2015/03/Twin-SVM-Code.zip  with
some modifications.

A study [7] used the same methodology on the same Schizophrenia
data. The following were the results of using SVM with linear ker-
nel juxtaposed with the simulation results from the newly-done re-
search using SVM with Gaussian kernel with optimized parameter
and Twin SVM: with reference to Figure 1, it can be seen that an
optimized value of o2 may improve the classification result
significantly when using a low percentage of training data (10-30%)
in SVM. Interestingly, different values of Gaussian kernel
parameter produced significantly dissimilar results when using a
high percentage of training data (80-90%) in Twin SVM as seen in
Figure 2.

From Table 1, more training data used in building the model re-
sulted in a higher final accuracy. The SVM model with linear kernel
that produced the best final accuracy for the classification of Schiz-
ophrenia data was the one that used 70% training data with a mean
of 90.1%. In contrast, the worst model was the one that used 10%
training data with a mean of 88.1% [7]. Moreover, the SVM model
with optimized Gaussian kernel parameter that performed best in
the classification of Schizophrenia variables was the one with 70%
or 80% training data, producing a mean of 90.1% accuracy. On the
other hand, the worst model was the one using 10% training data
with a mean of only 88.3%. The optimized Gaussian SVM model
also managed to perform better than in a past study on the models
that used 20-40% training data.

The results of Schizophrenia data classification using Twin SVM
had a similar trend compared to the one using SVM. From Table 1,
it can also be seen that the Twin SVM method in general achieved
a higher accuracy in classifying Schizophrenia data when using a
higher number of training data, though there were few exceptions.
Its model with linear kernel giving the best final accuracy for the
classification of Schizophrenia data utilized 80% training data with
a mean of 90.4%, while the worst model was the one with either
10% or 30% training data with a mean of 89.0%. In a similar way,
the Twin SVM model with Gaussian kernel with the classification
of Schizophrenia data was the one with 80% training data, produc-
ing a mean accuracy of 90.3%, whereas the worst model used either
10, 30, or 40% training data with a mean of only 88.9%.
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Fig. 1: Accuracy of Schizophrenia Data Classification Using SVM with
Gaussian Kernel Using Different Values of Kernel Parameter.
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Fig. 2: Accuracy of Schizophrenia Data Classification Using Twin SVM
with Gaussian Kernel Using Different Values of Kernel Parameter.
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Table 1: Accuracy of Schizophrenia Data Classification Using SVM and
Twin SVM with Linear and Gaussian Kernel

Train-

ing Linear Gaussian Linear Twin  Gaussian Twin
Data SVM (%) SVM (%) SVM (%)  SVM (%)
(%)

10 e o3 89.0+059  88.9+0.00
20 ?%gi 3igi 80.0+132  89.0%0.00
30 888 g8 89.0+135 88.9+0.00
40 ?%gi g%gi 80.0+124  88.90.00
50 2%31 g%gt 80.1+1.40  89.1%0.05
60 8 Y 80.9+172  89.9+0.07
70 g%éi g%éi 90.3+212  90.1£0.00
80 g%gt g%gt 90.4+261 90.3%0.25
90 a0 Y 903+416 90.1+0.63

4. Discussion

On the other hand, the result of classifying Schizophrenia data with
Twin SVM has a similar trend compared to the classification results
using SVM; from Figure 3 it can also be seen that the Twin SVM
method in general also achieves a higher accuracy in classifying
Schizophrenia data when it uses a higher number of training data,
with the exception of some cases. The linear Twin SVM model that
uses 80% training data gives the best accuracy with a mean accu-
racy of 90.4%, while the worst model uses 10% or 30% training
data with a mean of 89.0%. Likewise, the Twin SVM model with
Gaussian kernel that performs the best for the classification of
Schizophrenia data is the one that uses 80% training data, producing
a mean accuracy of 90.3%, while the worst ones use 10, 30, or 40%

training data with a mean of only 88.9%.

Linear SVM
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89.5 Gaussian Twi
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Fig. 3: Comparison of Schizophrenia Data Classification Accuracy on
Different Percentages of Training Data.

Comparing the results from the two methods with two different ker-
nels and parameters, it is clear that the Twin SVM models outper-
formed the SVM method since it achieved a better accuracy in clas-
sifying Schizophrenia data using the linear and Gaussian kernel.
Even the worst-performing Twin SVM models still performed bet-
ter than the worst-performing SVM methods.

5. Conclusion and recommendations

The classification problem of Schizophrenia data using the North-
western University Schizophrenia Data can be solved by means of
machine learning. There were three types of simulations done in
this study: SVM with Gaussian kernel, Twin SVM with linear and
Gaussian kernel. In each of them, grid search method was used to
optimize the parameters of the model as well as the kernel parame-
ter, while Hold-Out Validation was used to verify the model.

This study established that the Twin SVM method with linear and
Gaussian kernel has a similar result, even though the Twin SVM
approach with linear kernel performs slightly better the one with
Gaussian kernel on average. When compared to a past study that
used the same data and methodology but with the SVM method, the
Twin SVM method used here posted a better accuracy.

For future studies, it will be prudent to have more simulations using
diverse dataset, kernels, and evaluation as well as validation meth-
ods. With this research, it is our hope that the results may be helpful,
especially in the medical field, in diagnosis of Schizophrenia. This
will facilitate the provision of the appropriate treatment and en-
hance the quality of the lives of the victims.
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