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Schizophrenia, which is considered a serious mental disorder and a psychological illness, is 

quite common in society today. Schizophrenia manifests itself with disordered thought 

development, hallucinations, and different behaviours and reactions. In this study, EEG data 

were collected and analyzed on a total of 84 subjects diagnosed with normal and 

schizophrenia. EEG data used as a diagnostic tool with low-resolution level has been used 

to distinguish between schizophrenic and normal individuals. First of all, statistical methods 

were used in the analyzes, and also frequency properties of the data were extracted by 

Wavelet analysis. As a result of the analysis, statistical findings include characteristics that 

distinguish between diagnosed schizophrenia and normal individuals. In addition, the 

findings obtained as a result of the Wavelet analysis were determined to distinguish between 

normal and schizophrenic individuals. While the mean used in statistical analysis takes the 

value 1.6 for normal individuals, it takes the value 2.9 for individuals diagnosed with 

schizophrenia. Also, in the results of Continuous Wavelet (CW) Analysis, very important 

findings were obtained in terms of detection in scale 16 and 64 bands. 
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1. INTRODUCTION

Schizophrenia, thought to be caused by environmental and 

genetic factors, is in the group of common psychological 

diseases [1-3]. People with schizophrenia have difficulty in 

evaluating reality, controlling their emotions, and 

communicating with their environment. The most obvious 

symptoms are suspicion and hallucinations. It is defined as a 

chronic disease and tends to worsen gradually if left untreated 

[4, 5]. 

Schizophrenia symptoms in adolescents are first discovered 

in schools. The most important symptoms of the patients are 

low educational performance at school, lack of motivation, 

irritable behaviour, depressed mood, sleep disorder, and a 

living environment away from their environment and family 

as an asocial personality [6]. Patients with schizophrenia can 

often survive without realizing that they are ill [7]. It has been 

established that most schizophrenic patients are suicidal. 

Although the exact cause of schizophrenia is not known, it is 

thought to be factors such as genetic factors, complications 

during childbirth, malnutrition or toxic chemical drug intake 

[8]. Schizophrenia is a treatable disease [9]. In the first stage 

of treatment, drug therapy is used, and the psychiatrist checks 

whether the patient responds to the treatment within the 

framework of a long-term treatment plan. With continuous 

psychiatrist control, the effect of the dose of antipsychotic-

based drugs on the treatment process can be examined, and the 

treatment of the patient can be provided [10]. The important 

thing here is to identify the patient with schizophrenia. 

Because many schizophrenic patients can continue their lives 

without knowing that they are sick. For this purpose, diagnoses 

using EEG provide great convenience [11]. There are many 

studies in the literature in which EEG signs are used to detect 

psychological disorders. The most common studies in this area 

have been done by applying data on patients with depression, 

epilepsy, and schizophrenia [12]. While some of the studies 

conducted are sign-based studies, most of them are aimed at 

distinguishing signs using artificial intelligence methods [13, 

14]. 

In this study, a diagnosis of schizophrenia was made, which 

compared and analyzes by evaluating the sign-based Wavelet 

analysis and statistical data of normal control individuals. 

2. MATERIALS AND METHODS

The data collected in this study 

(http://brain.bio.msu.ru/eeg_schizophrenia.htm) were 

obtained from the data bank. In the study, EEG data were 

collected from adolescents aged 10-14 years. During the data 

collection phase, data from 84 adolescent children were 

collected according to clinical results. The data collected from 

these 84 people included 39 healthy individuals and 45 

individuals diagnosed with Schizophrenia. Data were 

collected from 84 persons with their eyes closed [15]. No drug 

was given to the individuals whose data was collected during 

the data collection, and the data were recorded using a total of 

6 electrodes. The sampling frequency of the EEG device is 128 

Hz, the electrode impedance is 10 kOhm and the measurement 

time is 1 minute. The collected data are 7680 and shared 

publicly in the data bank 

(http://brain.bio.msu.ru/eeg_schizophrenia.htm.), and also 

analyzed. Electrode distribution is given in Figure 1 [16]. In 

Figure 2, the time-amplitude graph of the data collected from 

the F3 electrode from the normal subject is given. 

In Figure 3, the time-amplitude graph of the data collected 

from the subject diagnosed with schizophrenia from the F3 

electrode is given. 
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Figure 1. Placement of the EEG electrodes location and 10-

20 international system [16] 

 

 
 

Figure 2. EEG data from F3 sensor (for normal participant) 

 

 
 

Figure 3. EEG data from F3 sensor (for schizophrenic 

person) 

 

 

3. MATHEMATICAL BACKGROUND 

 

In this section, basic statistical equations for Wavelet 

Analysis and Statistical parameters are explained. In the next 

section, the applications of these mathematical methods have 

been made and compared. 

3.1 Wavelet analysis 

 

Computers with high processing power in Fourier analysis 

used in signal processing analysis and the development of 

programming techniques have shown great improvement [17]. 

Today, Wavelet analysis finds use in many areas [18, 19]. 

With this analysis, time, amplitude and details can be analyzed, 

and low and very high-frequency regions can be easily 

detected [20, 21]. Wavelet analysis is the most preferred 

method among time-frequency analysis methods to reveal 

regional features in signals [22]. This method is quite 

successful in the analysis of Non-linear signals compared to 

the Short Time Fourier Transform. Wavelet analysis is divided 

into two basic parts as the discrete and continuous wavelet 

transform [23]. In discrete wavelet transform, the signals are 

divided into sub-bands, while in continuous wavelet transform, 

the frequency bands of the data can be examined in terms of 

time, frequency and scale by using the displacement 

parameters of the data [24]. In this study, analyzes were made 

using the CWT method. CWT is given in Eq. (1). 

 

𝑊(𝑎, 𝑏) =
1

√𝑎
∫ 𝑓(𝑥)𝜑 (
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𝑎
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 (1) 

 

where, a is the scale parameter, b is the transformation 

parameter and is the main wavelet.  
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(
𝑚
2
)
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In wavelet analysis T signal length, transformation and scale 

parameters as a function of integer values, a and be values are 

given in Eq. (1) and Eq. (2) [25, 26]. 

 

3.2 Mean 

 

It is the most basic function used to see how data is 

distributed in statistical analysis. It is used to detect the central 

points of the data set. The mean is shown in Eq. (3) [27, 28]. 

 

𝜇 =
1

𝑁
∑𝑥𝑖

𝑛

𝑖=1

 (3) 

 

3.3 Standard deviation 

 

Standard deviation is defined as the measure of how the data 

propagates from the mean, that is, the average distance 

between each quantity and the mean. The low standard 

deviation data set tends to close to its mean, while the high 

standard deviation tends to take a wider range of values from 

the data points. The standard distribution equation is given in 

Eq. (4) below [27, 28]. 

 

𝜎 = √
1

𝑁
∑(𝑥𝑖 − 𝜇)2
𝑛

𝑖=1

 (4) 

 

3.4 Variance 

 

Variance is the square of the mean distance between each 

quantity and the mean. So it is the square of the standard 

deviation. Variance, which is also defined as a measure of how 
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a data set is distributed, is given in Equation 5. Here, S2 

sample variance, xi is the value of the one observation, ẋ the 

mean value of all observations, and n is the number of 

observations [27, 28]. 

 

𝑆2 =
∑(𝑥𝑖 − �̅�)

2

𝑛 − 1
 (5) 

 

3.5 Skewness 

 

Skewness gives information about whether a distribution is 

normal or not. It is done to test the distribution of the score in 

a certain data group in the form of a normal or bell curve. 

Skewness measures the symmetry of distribution, whereas 

Kurtosis indicates the abundance of samples at the midpoint of 

the distribution. The Skewness expression is given in Eq. (6) 

[27, 28]. 

 

𝑐 =
∑ (𝑥(𝑖) − 𝜇)3𝑁
𝑖=1

𝑁𝜎3
 (6) 

 

3.6 Kurtosis 

 

Outliers on data can be detected by skewness and kurtosis 

values. Since skewness includes the third moment of the 

distribution, kurtosis includes the fourth moment. In a 

symmetrical distribution, kurtosis is evident in the tail parts of 

the graph. Kurtosis and skewness do not have a unit, they are 

expressed by Eq. (7) [27, 28]. 

 

𝑘 =
∑ (𝑥(𝑖) − 𝜇)4𝑁
𝑖=1

𝑁𝜎4
 (7) 

 

 

4. APPLICATION ON THE DATA 

 

The results of statistical analysis of individuals with normal 

(control) and schizophrenia are given in Table 1 below. As 

examined in Table 1, all statistical values of individuals 

diagnosed with control and schizophrenia give quite decisive 

results. 

The histogram graphic of the EEG signals belonging to the 

participants determined as the control group is given in Figure 

4. In Figure 5, a histogram graph of EEG data of individuals 

with schizophrenia is given. When both graphs are examined, 

it is seen that both groups show a nominal distribution, but the 

normal group has a lower amplitude than the schizophrenic 

group. 

The Pseudo-Spectrum Analysis graph is given in Figure 6 

for normal participants who do not have schizophrenia. It is 

seen here that there are two short oscillations between 90-130 

dB (normalized between 0 and 0.4 Hz). In Figure 7, it can be 

seen that these oscillations increase between the same 

amplitude and frequency values. Similarly, while it takes a 

value of 45 dB for normal participants in the fading of the 

graph, this value decreases to 35 dB in participants with 

schizophrenia. This situation is similar to the values taken 

from other electrodes. 

Figure 8 shows the Probability analysis chart for Normal 

Distribution without schizophrenia patients. The same 

analysis is given for the individual diagnosed with 

schizophrenia in Figure 9. When both graphs are examined, 

the probability function graph for the control group is on the 

axis curve, while it deviates from the axis to the right in the 

range of 1000-1500 data in schizophrenic individuals. This is 

a very distinctive chart for analysis done in a normal 

distribution. Such deviations are similar for data from other 

electrodes. 

In Figure 10 and Figure 11, power spectrum analysis was 

performed first for the control group and then for individuals 

diagnosed with schizophrenia, respectively. The results of this 

analysis differ for individuals diagnosed with control and 

schizophrenia. Especially oscillations in the range of 100-10-

1 contain features that distinguish between patient and control 

groups. 

 

 
 

Figure 4. Histogram distribution for normal participants 

 

 
 

Figure 5. Histogram distribution of schizophrenic patients 

data 

 

Table 1. Statistical analysis of individuals with control and schizophrenia 

 

 Mean Standard  Skewness  Kurtosis  Variance 

Normal People 1.6077 353.3350 -0.3800 3.7347 1.2485e+05 

Şizofrenik People 2.9961 302.8922 -0.1023 4.2657 9.1744e+04 
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Figure 6. Pseudo-spectrum analysis for normal participants 

 

 
 

Figure 7. Pseudo-spectrum analysis for participants with 

schizophrenia 

 

 
 

Figure 8. Probability-normal distribution for normal 

participants 

 

 
 

Figure 9. Probability-normal distribution for participants 

with schizophrenia 

 

 
 

Figure 10. Power spectrum for regular participants 

 

 
 

Figure 11. Power spectrum for schizophrenic participants 
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Figure 12. Continuous wavelet analysis for normal 

participants 

 

The results of the Continuous Wavelet Transform (CWT) 

analysis are given in Figure 12 and Figure 13. In Figure 12, 

the analysis results for the control group (Normal) individuals, 

and in Figure 13, the cwt analysis of the individual diagnosed 

with schizophrenia is seen in detail in terms of time-scale and 

frequency. 

Here, the regions marked on the graphic in Figure 13 can be 

considered as a very distinctive result for individuals 

diagnosed with schizophrenia. Fields corresponding to 16 and 

64 values as a scale distinguish schizophrenic patients from 

normal control group individuals. 

 

 
 

Figure 13. Continuous wavelet analysis for participants with 

schizophrenia 

 

 

5. DISCUSSION 

 

This study (http://brain.bio.msu.ru/eeg_schizophrenia.htm) 

was conducted on the data obtained from the data bank. Motor 

activities of schizophrenic patients were determined in a study 

previously conducted by Hauge et al. [29]. 

Data on schizophrenic patients with deep learning were also 

classified by Sun et al. [30]. Spectral-based CNN analyzes of 

schizophrenic patients were also performed in the study 

conducted by Sing et al. [31]. In the study by Rösche and Fell 

[32] depression and schizophrenia patients were examined on 

P300 amplitudes. Fenton et al. Conducted one of the first 

studies in this context, and they extracted the spectral 

characteristics of the patients in their study [33]. When the 

studies in the literature are examined, it can be said that the 

studies on schizophrenia and depression have focused on the 

medical level or on the use of artificial intelligence [34-38]. 

Differently, in this study, statistical, power spectrum, normal 

probability and CWT analyzes of EEG data of healthy and 

schizophrenic patients were compared. 

 

 

6. CONCLUSIONS 

 

This study was conducted with EEG data from adolescents 

aged 10-14 years obtained from the database. Of the 84 

individuals, 39 were in control and 45 were diagnosed with 

schizophrenia. With their eyes closed, EEG data were 

collected and a data bank was created and opened to public use. 

This study focuses on analyzing the data in this database and 

distinguishing between healthy and schizophrenic patients. 

 

 
 

Figure 14. 3-D continuous wavelet analysis for normal 

participants 

 

 
 

Figure 15. 3D-continuous wavelet analysis for participants 

with schizophrenia 
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In the study, firstly, healthy and schizophrenic individuals 

were compared with the results of statistical analysis, and then 

Probability-Normal Distribution analysis and CWT analysis 

were performed. All of the mean, standard deviation, variance, 

kurtosis and skewness data made in the statistical results gave 

very significant results. 

CWT analysis results include significant distinguishing 

features as shown in three dimensions in Figure 14 and Figure 

15. As shown in Figure 15 in the time-scale and coefficient 

graph of the individual diagnosed with schizophrenia, quite 

successful results have been obtained in distinguishing 

between healthy and schizophrenic patients. However, the 

results of the study only deal with adolescent individuals. In 

this sense, these results can be recommended for diagnosis by 

physicians as they contain features that can be used in the 

diagnosis of schizophrenia patients. 
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