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Examination of the brain’s condition with the Electroencephalogram (EEG) can be helpful to predict abnormality
and cerebral activities. The purpose of this study was to develop an Automated Diagnostic Tool (ADT) to investigate and classify the EEG signal patterns into normal and schizophrenia classes. The ADT implements a
sequence of events, such as EEG series splitting, non-linear features mining, t-test assisted feature selection,
classiﬁcation and validation. The proposed ADT is employed to evaluate a 19-channel EEG signal collected from
normal and schizophrenia class volunteers. A dataset was created by splitting the raw 19-channel EEG into a
sequence of 6250 sample points, which was helpful to produce 1142 features of normal and schizophrenia class
patterns. Non-linear feature extraction was then implemented to mine 157 features from each EEG pattern, from
which 14 of the principal features were identiﬁed based on signiﬁcance. Finally, a signal classiﬁcation practice
with Decision-Tree (DT), Linear-Discriminant analysis (LD), k-Nearest-Neighbour (KNN), Probabilistic-NeuralNetwork (PNN), and Support-Vector-Machine (SVM) with various kernels was implemented. The experimental
outcome showed that the SVM with Radial-Basis-Function (SVM-RBF) oﬀered a superior average performance
value of 92.91% on the considered EEG dataset, as compared to other classiﬁers implemented in this work.

1. Introduction
Malfunction of the brain by disease or disorder aﬀects normal activity in humans [1–3]. Schizophrenia(sz) is a chronic disorder which
aﬀects the thinking ability as well as general behavior. The report of the
World Health Organization (WHO) substantiates that sz is a severe
mental disorder, and more than 21 million people worldwide are affected by it [4]. Yet, WHO has also stated that sz is treatable, and early
or post diagnosis may be helpful to identify its severity and stage. Detection and treatment of sz is essential in patients, since it creates
substantial inconvenience in regard to thinking, memory, perception,
and other living activities. If left untreated, it is an unalterable process
which damages the human behavioral abilities in its later stages [5].
Early as well as post discovery of sz may help during implementation of
possible treatment methods to cure or limit the eﬀects. Most mental
⁎

disorders such as sz can be assessed by signaling [7] or imaging techniques [6]. Recently, a number of non-invasive techniques have been
proposed and implemented by investigators to identify sz based on the
Electroencephalogram(EEG) acquired using multi-channel sensor arrays [8,9]. The assessment and conﬁrmation accuracy of sz from the
EEG pattern depends mainly on the tool considered to examine these
signals.
The imaging techniques, such as Magnetic Resonance Imaging
(MRI) and Computed Tomography (CT), are costly and require additional recording and computational time as compared to signaling
procedures such as EEG [10–13]. An EEG signal acquired using an
appropriate electrode can be useful to reveal essential detail regarding
brain activity, and examination of these signals may help to detect the
condition of the brain [14,15,25]. During the clinical diagnostic process, the EEG is obtained by placing the electrodes at predeﬁned scalp
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Table 1
Summary of ADT systems using EEG for the classiﬁcation of Schizophrenia.

Normal: 14 healthy
subjects
sz: 14patients

Normal: 14 healthy
subjects
sz: 14 patients

Normal: 17 healthy
subjects
sz: 18 patients

Normal: 31 healthy
subjects
sz: 16 patients

Normal: 12 healthy
subjects
sz: 40 patients

Normal: 25 healthy
subjects
sz: 25 patients

Normal: 90 healthy
subjects
sz: 90 patients

Number of participants

Model 1: Achieved 84% accuracy in classifying healthy individuals and 74% upon crossvalidation with s data.
Model 2: Achieved 87% classiﬁcation accuracy in discriminating healthy and sz patients,
with frontal theta at baseline and frontal alpha during retrieval identiﬁed as key
classiﬁers of sz diagnosis.
Using 15 Hz-J5-MLP
Acc: 93.42%
Sen: 87.27%
Spe: 96.73%
Using 35 Hz-J5-SVM
Acc : 92.23%
Sen: 88.38%
Spe: 94.99%
Healthy subjects had lesser errors made compared to patients.
Higher complexity values were found inpatients, in right frontal regions at rest but no
diﬀerences were found between the 2 groups during the naming activity.
Higher complexity values were observed in sz patients at rest, compared to at task.
Non-subject base testing
Acc : 98.07%
Subject base testing
Acc : 81.26%
Best classiﬁcation ACC:
SVM RBF classiﬁer with an accuracy of 92.91% compared to other classiﬁers.

Best electrode: F2
Best electrodes that diﬀerentiate the 2 classes: F2,FC3
Classiﬁcation Acc: between 91.5% and 93.9%.

Best classiﬁcation Acc:
Delta frequency band, 62.2%.

Conclusion
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learning model for the classiﬁcation of sz. Two CNN models were developed separately for subject base testing and non-subject base testing.
In subject base testing, validation of the system was carried out in three
phases: training, testing and validation of data. During training, k-fold
validation was used, whereby the entire data was split into fourteen
equal parts. Twelve parts were used for training, one was used for validation and another for testing. In non-subject base testing, 10-fold
validation was conducted during training and the system was evaluated
through the training and testing phases. Accuracies of 98.07% and
81.26% were yielded for non-subject base testing and subject base
testing, respectively.

sections. Recently, EEG patterns were extensively used to inspect for
maladies such as dementia, Alzheimer's disease, sleep disorder, epilepsy, sz, Parkinson’s disease and other brain related disorders
[16,17,21,23,52,53].
Recent studies provide insights to the classiﬁcation of sz based on
EEG patterns [18]. Table 1 highlights the summary of ADT systems
employed for the detection of sz using EEG signals. Kim et al. [26]
extracted EEG signals from 21 gold cup electrodes, positioned according to the 10–20 international standards. Horizontal and vertical
eye movements of participants were studied. After pre-processing, ﬁve
frequency bands were chosen for analysis. For each of the ﬁve bands,
the spectral power of the EEG was computed using Fast Fourier
Transformation, after which the Analysis of Variance(ANOVA) method
was employed to study EEG power deviations. The Receiver Operating
Curve (ROC) analysis technique was used to determine the diagnostic
performance of a test, utilized in distinguishing between normal and sz
patients. The highest classiﬁcation accuracy of 62.2% was obtained for
delta power. Dvey-Aharon et al. [20] discussed a Time-Frequency
transformation based evaluation of the EEG signal to examine for sz. In
this work, a Stockwell approach was implemented to convert the EEG
signal into an image, and then feature extraction and classiﬁcation
procedures were incorporated to attain improved results. The top ﬁve
unique electrodes were reported to have a prediction accuracy between
92.0% and 93.9%, with F2 portraying to be the best electrode. Johannesen et al. [27] acquired EEG recordings from participants using a
64 electrode system. Participants were required to press one of two
response buttons, using either their right or left index ﬁnger, to indicate
whether a particular letter was presented in the previous set. The signals were analysed using the Brain Vison Analyser software and segmented via four stages of processing: pre-stimulus baseline, encoding,
retention and retrieval. At each of the four stages of processing, timefrequency data(squared wavelet coeﬃcients, binned and averaged according to correct versus incorrect response accuracy) was retrieved for
the ﬁve frequency bands examined. Statistical analyses were conducted
on spectral power measured at the Frontal, Central and Occipital locations. Feature selection was done using the wrapper method [22].
The 1-norm Support Vector Machine (SVM) classiﬁer was utilized to
classify correct and incorrect trials in data with the SVM Model 1,
achieving a classiﬁcation accuracy of 84%. The SVM Model 2 was implemented to classify normal versus the sz condition in correct trial
data, achieving a classiﬁcation accuracy of 87%. Santos-Mayo et al.
[28] analysed the EEG-ERP signals of participants who were involved in
an auditory task. The Brain Vision equipment, in compliance with the
10–20 international standards, was used to record the brain signals.
After acquisition, the signals were pre-processed using EGGLAB [24],
after which 16 time-domain features and four frequency-domain features were extracted per electrode, for each participant. Features were
selected via linear discriminant analysis using J5 and Mutual Information Feature Selection(MIFS) coupled with the Double Input
Symmetrical Relevance (DISR). The Multilayer Perceptron(MLP) and
SVM classiﬁers were employed for classiﬁcation. High classiﬁcation
rates of 93.42% and 92.23% were achieved with the J5 MLP and J5
SVM classiﬁers, respectively. Ibáñez-Molina et al. [8] also implemented
sz examination based on the EEG. In this work, EEG recordings were
extracted from participants while they were at rest and engaged in a
naming task. The Neuroscan SynAmps 32-channel ampliﬁer was employed for data acquirement. EEG signals at the resting phase were
acquired prior to the task, while those from the task were extracted
after each trial. In the resting phase, the segments were analysed using a
moving window method, after which LZC was computed per window.
After normalisation, the ﬁnal LZC value was computed by calculating
the average of the values obtained from the moving window method. A
total of 80 EEG segments of 2 × 103ms were evaluated, at task, and
then averaged to obtain the ﬁnal Multiscale LZC value. Higher complexity values were reported in right frontal regions of patients who
were at rest. V. Jahmunah et al. [51], developed an eleven-layered deep

2. Data used
Fifteen minutes of EEG signals acquired from 14 patients with
paranoid sz, encompassing seven males and seven females, with a mean
age of 27.9 ± 3.3 and 28.3 ± 4.1 years, respectively, were collected
from the Institute of Psychiatry and Neurology in Warsaw, Poland [19].
Fourteen healthy subjects within similar age and gender ratio were
recruited from the same institute. In this study, a multi-channel (19channel) EEG was adopted for the assessment. The electrodes used were
Fp1, Fp2, F7, F3, Fz, F4, F8, T3, C3, Cz, C4, T4, T5, P3, Pz, P4, T6, O1
and O2. Fifteen minutes of EEG signals were recorded from the participants at a sampling rate of 250 Hz, as they remained in a composed
state with eyes closed. Table 2 details the EEG segments studied from
the two classes. The sample EEG signal of normal and sz cases are depicted in Fig. 1. Fig. 1(a) presents the normal EEG signal, which shows
enhanced amplitude values in most of the channels, as compared to the
sz signals depicted in Fig. 1(b).

3. Methodology
3.1. Pre-processing
Thirty second segments without artefacts were used for analysis. A
2nd order Butterworth ﬁlter was employed to preprocess the extracted
EEG signals. The signals were segmented into nonoverlapping segments
of 25 s, such that each segment consisted of 6250 × 19 sample points.
This segmentation gave rise to 1142 EEG patterns, which were then
grouped to form a new database of normal and sz class EEGs with a
ﬁxed length. Following segmentation, 12 features were extracted from
the signals. Fig. 2 presents the paradigm employed in this work to examine the EEG signals.

3.2. Feature extraction and selection
157 nonlinear features were extracted from both EEG classes. The
optimal feature set of 14 features were then selected from the 157
features using Student's t-test [29]. The features employed are the activity entropy(ae), largest Lyapunov exponent(lx) [30], KolmogorovSinai(k-s) entropy [31], Hjorth complexity(hc) and mobility(hm)
[32,33], Rényi(re) [34], Shannon(sn) [35], Tsallis(ts) [36], Kolmogorov
complexity(kc) [37], bispectrum (entropy 1, 2 and phase)(bs) [38],
cumulant(c) [39] and permutation entropy(pe) [40]. Fig. 3 shows the
sample recurrence plots [47–50] for (a) normal and (b) sz EEG signals.
Table 2
Total number of EEG patterns considered in this study.

3

Type

Number of EEG segments

Normal
Schizophrenia
Total

516
626
1142
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Fig. 1. Pre-processed EEG signals of (a) normal and (b) schizophrenia.

Fig. 2. Organization of the proposed automated tool to detect Schizophrenia.

Fig. 3. Recurrence plots of (a) Normal and (b) Schizophrenia EEG signals.

result. The SVM classiﬁer with Radial-Basis-Function (SVM-RBF) was
also used to classify the EEGs based on the selected features. Moreover,
the SVM with various polynomial kernels, including 1st order (SVM1),
2nd order (SVM2) and 3rd order (SVM3), were also instituted to classify
normal versus sz EEG signal datasets. The statistical metrics: accuracy
(Acc), sensitivity(Sen), speciﬁcity(Spe) and positive predictive value
(Ppv) were utilized to gauge the performance of the adopted classiﬁers.

3.3. Classiﬁcation
Various classiﬁers were exploited to distinguish between the two
classes. The Decision Tree (DT) classiﬁer [41], which implements a
tree-like conﬁguration with a series of test sequences, was used. The
Linear Discriminant analysis (LD) classiﬁer, which identiﬁes a matching
category according to a set of values or ﬁndings, was also implemented
[42,43]. The K-Nearest Neighbour (KNN) is another classiﬁer that was
considered in this work [44]. Like other classiﬁers, the KNN requires
training and testing based on the available dominant features. The
Probabilistic Neural Network (PNN) was an additional classiﬁer implemented. In PNN [45,46], the hidden-layer is used to compute a
probability density value, and the summing-layer accumulates the

4. Results
Table 3 illustrates the 14 signiﬁcant features identiﬁed with the ttest. The features were ranked based on the p-values. The Hjorth
complexity, with the lowest p-value, is ranked ﬁrst, portraying to be the
4
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classiﬁcation accuracy of 78.28% was obtained for EEG classiﬁcation
using the LD classiﬁer. Hence, it can be noted from this table that the
highest accuracy of 92.91% was yielded by the SVM(RBF) classiﬁer
with 12 features, as compared to the other classiﬁers considered in this
research work. The accuracy of the SVM(RBF) classiﬁer for varying
number of features is highlighted in Fig. 5.
The LD classiﬁer oﬀers a relatively poor result since it was trained
and tested with only two dominant features. However, compared to
other techniques, the LD classiﬁer oﬀers a result with lesser computational time. The SVM3 is ranked at second position, requiring only 12
dominant features. The DT and SVM require 13 signiﬁcant features, and
other approaches require a feature subset greater than 13. From the
above results it can be observed that the average performance obtained
with the SVM (SVM-RBF) is superior compared to other approaches,
and the SVM, SVM3, and SVM2 are ranked at position one, two and
three, respectively. From the above results, it can be considered that the
proposed automated tool with SVM classiﬁer is exceptional for the
classiﬁcation of normal and sz EEG signals.
Comparing the other studies in Table 1, it is notable that the researchers have explored other analysis techniques instead of a classiﬁcation system. Johannesen et al. [27] developed a classiﬁcation
system but the accuracies yielded are lower than that of our study. V.
Jahmunah et al. [51] used a deep learning technique for the classiﬁaction, achieving a very high accuracy. However, deep learning
models are computationally expensive and require a longer time to be
developed as compared to machine learning techniques. Hence, our
proposed system is competent to be used as a diagnostic tool for the
detection of sz.
Our proposed ADT employs a sequence of procedures to examine
the multi-channel EEG signals ranging from pre-processing to validation, and this motivates future work. Furthermore, the ﬁnal classiﬁcation accuracy is dependent on the performance of intermediate procedures, including pre-processing, feature extraction, and feature
selection. In our future work, a suitable deep-learning procedure based
on a deep Convolutional Neural Network (CNN) architecture shall be

Table 3
Principal features chosen using Student's t-test.
Selected
Features

hc
bs-1
bs-2
kc
hm
pe
re
bs-3
lx
bs-4
bs-5
bs-6
k-s
bs-7

Normal

Schizophrenia

Mean

SD

Mean

SD

p-Value

t-Value

1.2100
381.4749
50.1034
5.6173
0.3900
1.6680
−15.4577
664.9682
3.2315
8834452
0.2533
0.5727
0.0405
0.1567

0.1719
72.9306
7.6933
0.2829
0.0836
0.0712
0.8133
121.2538
0.7140
8481768
0.0699
0.0831
0.0363
0.0541

0.9780
457.9451
57.2959
5.8803
0.5321
1.6026
−16.0556
757.4083
3.6562
13995401
0.2789
0.6001
0.0303
0.1726

0.2633
99.7012
9.9305
0.3643
0.2343
0.0958
0.9915
157.32
0.9278
16189034
0.0843
0.0923
0.0383
0.0654

3.09E-59
6.37E-44
2.02E-38
3.71E-38
1.2E-36
2.09E-35
9.33E-27
1.54E-26
4.83E-17
9.32E-11
4.69E-08
2.02E-07
5.31E-06
1.13E-05

17.2186
14.5133
13.4571
13.4050
13.1039
12.8527
10.9856
10.9357
8.5240
6.5392
5.5000
5.2295
4.5740
4.4110

most signiﬁcant feature. Entropy, with the highest p-value, is ranked
fourteenth, portraying to be the worst feature, for the classiﬁcation of
EEG signals. Analysing the p values (p < 0.05) from Table 3, it is clear
that the 14 features are highly discriminatory. Hence the features correlate to the classiﬁcation. From Fig. 3, it is evident that the recurrence
plot is unique for each class. While the pattern is inconsistent and
random in normal signals, it is more repeated and consistent in the sz
signals.
The boxplot in Fig. 4 represents the 14 best features extracted from
EEG signals for classiﬁcation. It demonstrates that generally most of the
entropy features are of higher values for normal, compared to sz classes,
due to more neural activities in the normal classes as compared to sz
classes. These features are then considered for training and testing of
the classiﬁer system, which can help to categorize EEGs into normal
versus sz classes. Table 4 presents the summarised results of the different classiﬁers used. It is evident that when the feature size is 2, a

Fig. 4. Performance of selected features on normal/schizophrenia EEG signals.
5

Artificial Intelligence In Medicine 100 (2019) 101698

V. Jahmunah, et al.

Table 4
Best results achieved from diﬀerent classiﬁers used.
Classiﬁer

No of Features

TP

TN

FP

FN

Accuracy

PPV

Sensitivity

Speciﬁcity

SVM(RBF)
SNM(Polynomial3)
SVM(Polynomial2)
KNN
DT
PNN
SVM(Polynomial1)
LD

12
12
13
6
12
14
14
2

585
564
565
568
561
535
483
493

476
488
486
464
448
451
437
401

40
28
30
52
68
65
79
115

41
62
61
58
65
91
143
133

0.929072
0.921191
0.920315
0.903678
0.883538
0.863398
0.805604
0.782837

0.936
0.952703
0.94958
0.916129
0.891892
0.891667
0.859431
0.810855

0.934505
0.900958
0.902556
0.907348
0.896166
0.854633
0.771565
0.78754

0.922481
0.945736
0.94186
0.899225
0.868217
0.874031
0.846899
0.777132

Fig. 5. Classiﬁcation accuracy of SVM(RBF) with diﬀerent number of features.

Fig. 6. Illustration of the proposed cloud model.

datasets, as compared to the traditional machine learning techniques.
Hence, the classiﬁcation accuracy may be higher.
Moreover, assessment of the EEG time series could also be examined
using machine-learning and deep-learning techniques. The developed
model can be placed in the cloud to diagnose the sz class quickly and

implemented to examine the EEG dataset. Deep learning is advantageous as the features are extracted and classiﬁed automatically by the
model, unlike the conventional machine learning techniques.
Additionally, these models have sizeable learning capacity, enabling
higher level features to be studied through learning of data from large
6
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accurately. The test EEG signals would ﬁrst be sent to the local web
server of the hospital. Thereupon, the signals would be ported to the
cloud, where our trained sz detection machine learning model is placed.
This model will automatically detect the unknown class and send it
back to the hospital server. The neurologist can conﬁrm the class
manually, and release the result to the patient’s mobile device. Hence,
the patient can immediately take medication or rush to the hospital for
the treatment, as needed. Fig. 6 depicts the proposed cloud model.

[19] Olejarczyk E, Jernajczyk W. Graph-based analysis of brain connectivity in schizophrenia.
PLoS One 2017;12(11):e0188629https://doi.org/10.1371/journal.pone.0188629.
[20] Dvey-Aharon Z, Fogelson N, Intrator N. Schizophrenia detection and classiﬁcation by
advanced analysis of EEG recordings using a single electrode approach. PLoS One
2015;10(4):e0123033https://doi.org/10.1371/journal.pone.0123033.
[21] Acharya UR, Oh SL, Hagiwara Y, Tan JH, Adeli H. Deep convolutional neural network for
the automated detection and diagnosis of seizure using EEG signals. Comput. Biol. Med.
2018;100:270–8.
[22] Guyon I. An introduction to variable and feature selection. J Mach Learn Res
2003;3:1157–82.
[23] Acharya UR, Sree SV, Chattopadhyay S, Suri JS. Automated diagnosis of normal and
alcoholic EEG signals. Int J Neural Syst 2012;22(3):1250011https://doi.org/10.1142/
S0129065712500116.
[24] Delorme A, Makeig S. EEGLAB: an open source toolbox for analysis of single-trial EEG
dynamics including independent component analysis. J Neurosci Methods
2004;134(1):9–21.
[25] Bhattacharyya A, Pachori R, Acharya U. Tunable-Q wavelet transform based multivariate
sub-band fuzzy entropy with application to focal EEG signal analysis. Entropy
2017;19(3):99. https://doi.org/10.3390/e19030099.
[26] Kim JW, Lee YS, Han DH, Min KJ, Lee J, Lee K. Diagnostic utility of quantitative EEG in
un-medicated schizophrenia. Neurosci Lett 2015;589:126–31.
[27] Chen C-MA, Jiang R, Kenney JG, Bi J, Johannesen JK. Machine learning identiﬁcation of
EEG features predicting working memory performance in schizophrenia and healthy
adults. Neuropsychiatr Electrophysiol 2016;2(1):1–21.
[28] Santos-Mayo L, San-José-Revuelta LM, Arribas JI. A computer-aided diagnosis system
with EEG based on the P3b wave during an auditory odd-ball task in schizophrenia. IEEE
Trans Biomed Eng 2017;64(2):395–407.
[29] Zhou N, Wang L. A modiﬁed t-test feature selection method and its application on the
hapmap genotype data. Genom Proteom Bioinf 2007;5(3–4):242–9. https://doi.org/10.
1016/S1672-0229(08)60011-X.
[30] Pavlov AN, Pavlova ON, Kurths J. Determining the largest Lyapunov exponent of chaotic
dynamics from sequences of interspike intervals contaminated by noise. Eur Phys J B
2017;90. https://doi.org/10.1140/epjb/e2017-70439-7.
[31] Kolmogorov AN. New metric invariant of transitive dynamical systems and endomorphisms of Lebesgue spaces. Dokl Russ Acad Sci 1958;119:861–4.
[32] Sweller J, Van Merrienboer JJG, Paas FGWC. Cognitive architecture and instructional
design. Educ Psychol Rev 1998;10:251–96. https://doi.org/10.1023/A:1022193728205.
[33] Sweller J, Van Merrienboer JJG, Paas FGWC. Cognitive architecture and instructional
design. Educ Psychol Rev 1998;10:251–96. https://doi.org/10.1023/
A:1022193728205A.
[34] Renyi A. On measures of entropy and information. Fourth Berkeley Symposium. 1961.
[35] Shannon CE. A mathematical theory of communication. Bell Syst Tech J
1948;27(3):379–423.
[36] Tsallis C. Possible generalization of Boltzmann–Gibbs statistics. J Stat Phys
1988;52(1–2):479–87.
[37] Kolmogorov AN. New metric invariant of transitive dynamical systems and endomorphisms of Lebesgue spaces. Dokl Russ Acad Sci 1958;119:861–4.
[38] Nikias CL, Mendel JM. Higher-order spectra analysis. IEEE Signal Process Mag
1993;10(3):10–37.
[39] Hurst HE. Methods of using long-term storage in reservoirs. Proc Inst Civ Eng
1956;5(5):519–43.
[40] Bandt C, Pompe B. Permutation entropy: a natural complexity measure for time series.
Phys Rev Lett 2002;88(17):174102.
[41] Guan S, Zhao K, Yang S. Motor imagery EEG classiﬁcation based on decision tree framework and Riemannian geometry. Comput Intell Neurosci 2019;2019:5627156https://
doi.org/10.1155/2019/5627156.
[42] Hasan MR, Ibrahimy MI, Motakabber SMA, Shahid S. Classiﬁcation of multichannel EEG
signal by linear discriminant analysis. Adv Intell Syst Comput 2015;366:279–82. https://
doi.org/10.1007/978-3-319-08422-0_42.
[43] Aboalayon KAI, Faezipour M, Almuhammadi WS, Moslehpour S. Sleep stage classiﬁcation
using EEG signal analysis: a comprehensive survey and new investigation. Entropy
2016;18(9):272. https://doi.org/10.3390/e18090272.
[44] Bhattacharyya A, Sharma M, Pachori RB, Sircar P, Acharya UR. A novel approach for
automated detection of focal EEG signals using empirical wavelet transform. Neural
Comput Appl 2018;29(8):47–57.
[45] Mathew NA, Vivek R, Anurenjan P. Early diagnosis of Alzheimer’s disease from MRI
images using PNN. 2018 International CET Conference on Control, Communication, and
Computing (IC4). 2018. p. 161–4.
[46] Rachman NT, Tjandrasa H, Fatichah C. Alcoholism classiﬁcation based on EEG data using
independent component analysis (ICA), wavelet de-noising and probabilistic neural network (PNN). International Seminar on Intelligent Technology and Its Application, IEEE
2016. https://doi.org/10.1109/ISITIA.2016.7828626.
[47] Zbilut JP, Webber CLJ. Embeddings and delays as derived from quantiﬁcation of recurrence plots. Phys Lett A 1992;171(3–4):199–203.
[48] Eckmann JP, Kamphorst SO, Ruelle D. Recurrence plots of dynamical systems. Europhys
Lett 1987;4(9):973.
[49] Marwan N. A historical review of recurrence plots. Eur Phys J Spec Top
2008;164(1):3–12.
[50] Marwan N, Romano MC, Thiel M, Kurths J. Recurrence plots for the analysis of complex
systems. Phys Rep 2007;438(5–6):237–329.
[51] Oh SL, Jahmunah V, Ciaccio EJ, Yuvaraj R, Acharya UR. Deep convolutional neural
network model for automated diagnosis of schizophrenia using EEG signals. Appl Sci
2019. (revised & submitted).
[52] Acharya UR, Oh SL, Hagiwara Y, Tan JH, Adeli H, Subha DP. Automated EEG-based
screening of depression using deep convolutional neural network. Comput Methods
Programs Biomed 2018;161:103–13.
[53] Oh SL, et al. A deep learning approach for Parkinson’s disease diagnosis from EEG signals.
Neural Comput Appl 2018.

5. Conclusion
The proposed ADT involves the extraction of nonlinear features
from signals, t-test based feature selection, and performance validation
of the diﬀerent classiﬁers reconnoitered. The SVM(RBF) classiﬁer
yielded the highest accuracy of 92.91% as compared to the other
classiﬁers employed in this work. It achieved the best accuracy with 12
features, and portrays as the best classiﬁer. This conﬁrms that the
proposed technique is expedient in the classiﬁcation of normal versus sz
cases. Although the proposed method is promising, extracting the features and performing feature selection manually can be cumbersome.
To address this, in the near furture we intend to employ the CNN deep
learning model coupled with the cloud machine for the eﬃcacious diagnosis of sz.
Declaration of Competing Interest
The authors declare that they have no conﬂicts of interest.
References
[1] Gudigar A, Raghavendra U, Ciaccio EJ, Arunkumar N, Abdulhay E, Acharya UR.
Automated categorization of multi-class brain abnormalities using decomposition techniques with MRI images: a comparative study. IEEE Access 2019;7:28498–509.
[2] Rajinikanth V, Satapathy SC, Fernandes SL, Nachiappan S. Entropy based segmentation of
tumor from brain MR images–a study with teaching learning based optimization. Pattern
Recogn. Lett. 2017;94:87–95.
[3] Raja NSM, Fernandes SL, Dey N, Satapathy SC, Rajinikanth V. Contrast enhanced medical
MRI evaluation using Tsallis entropy and region growing segmentation. J Amb Intel Hum
Comp 2018:1–12. https://doi.org/10.1007/s12652-018-0854-8.
[4] WHO: https://www.who.int/mental_health/management/schizophrenia/en/.
[5] Acharya UR, Oh SL, Hagiwara Y, Tan JH, Adeli H. Deep convolutional neural network for
the automated detection and diagnosis of seizure using EEG signals. Comput Biol Med
2018;100:270–8.
[6] Wang Z, Oates T. imaging time-series to improve classiﬁcation and imputation. IJCAI2015 2015. ARxIV:1506 .00327v1 instead.
[7] Acharya UR, Sudarshan VK, Adeli H, Santhosh J, Koh JEW, Adeli A. Computer-aided
diagnosis of depression using EEG signals. Eur Neurol 2015;73(5–6):329–36.
[8] Ibáñez-Molina AJ, et al. EEG multiscale complexity in schizophrenia during picture
naming. Front Physiol 2018;9:1213. https://doi.org/10.3389/fphys.2018.01213.
[9] Li Y, et al. Abnormal EEG complexity in patients with schizophrenia and depression. Clin
Neurophysiol 2018;119(6):1232–41. https://doi.org/10.1016/j.clinph.2008.01.104.
[10] Subudhi A, Acharya UR, Dash M, Jena S, Sabut S. Automated approach for detection of
ischemic stroke using Delaunay Triangulation in brain MRI images. Comput Biol Med
2018;103:116–29.
[11] Talo M, Baloglu UB, Yıldırım Ö, Acharya UR. Application of deep transfer learning for
automated brain abnormality classiﬁcation using MR images. Cogn Syst Res
2019;54:176–88.
[12] Gudigar A, Raghavendra U, San TR, Ciaccio EJ, Acharya UR. Application of multiresolution analysis for automated detection of brain abnormality using MR images: a
comparative study. Future Gener Comput Syst 2019;90:359–67.
[13] Acharya UR, Sree SV, Ang PCA, Yanti R, Suri JS. Application of non-linear and wavelet
based features for the automated identiﬁcation of epileptic EEG signals. Int J Neural Syst
2012;22(02):1250002https://doi.org/10.1142/S0129065712500025.
[14] Yuvaraj R, Acharya UR, Hagiwara Y. A novel Parkinson’s disease diagnosis index using
higher-order spectra features in EEG signals. Neural Comput Appl 2018;30(4):1225–35.
[15] Acharya UR, et al. Characterization of focal EEG signals: a review. Future Gener Comput
Syst 2019;91:290–9.
[16] Yıldırım Ö, Baloglu UB, Acharya UR. A deep convolutional neural network model for
automated identiﬁcation of abnormal EEG signals. Neural Comput Appl 2018:1–12.
https://doi.org/10.1007/s00521-018-3889-z.
[17] Tripathy RK, Acharya UR. Use of features from RR-time series and EEG signals for automated classiﬁcation of sleep stages in deep neural network framework. Biocybern
Biomed Eng 2018;38(4):890–902.
[18] Jauhar S, McKenna PJ, Radua J, Fung E, Salvador R, Laws KR. Cognitive–behavioural
therapy for the symptoms of schizophrenia: systematic review and meta-analysis with
examination of potential bias. Br J Psychiatry 2014;204:20–9. https://doi.org/10.1192/
bjp.bp.112.116285.

7

