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Abstract— Schizophrenia (SZ) is a neuropsychiatric disease that affects many people around the world and causes 

death if not diagnosed and treated early. One of the commonly used methods for early diagnosis is 

electroencephalography (EEG). The application of signal processing and machine learning methods to EEG signals 

can support experts and researchers who want to determine SZ disease. In this study, event-related potential (ERP) 

signals were obtained from the recorded EEG signals as a result of sending auditory stimuli to the SZ patient and 

healthy control (HC) group. P300 amplitude-latency, hjorth parameters and entropy values were calculated as 

features from these signals. The features obtained were evaluated with Support Vector Machines (SVM), K-

Nearest Neighbor (KNN) and Artificial Neural Networks (ANN) classifiers to distinguish SZ patients from the 

HC group. In this study, the most successful result was obtained in the ANN classifier with an accuracy rate of 

93.9%. 
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1. Introduction 

Although it varies from patient to patient, SZ is a serious neuropsychiatric disorder in which people generally 

have hallucinations and have difficulty expressing themselves [1]. According to the World Health Organization 

(WHO), approximately 24 million people, or 1% of the population in the world are affected by SZ [1, 2]. According 

to the WHO, there are many causes of SZ. SZ is a disease that can lead to death at an early age if left untreated. 

WHO stated that SZ is treatable if diagnosed early [2, 3]. Therefore, early diagnosis of the disease is very 

important. Electrophysiological and neuroimaging methods are used for the early diagnosis of neuropsychiatric 

and similar neurological disorders such as SZ [3, 4]. Due to the cost of brain imaging methods, EEG or ERP signals 

are preferred more in studies [3, 4]. EEG is a non-invasive imaging method that is more cost-effective than other 

imaging techniques. Thanks to the multi-channel EEG, important information about brain activitiy can be obtained. 

ERP is, on the other hand signals that can occur as a result of an auditory, visual or neural stimulus from EEG 

signals [5]. ERP signals are obtained by averaging the recorded EEG signals as a result of these target stimuli 

being sent many times. It has been seen in studies that the components of ERP signals provide important 

information about the diagnosis of diseases [4-6].  

With EEG and ERP signals, early diagnosis of neurological diseases such as SZ, Parkinson's, ALS, and 

Alzheimer's can be made easily. In the literature, some studies on these diseases using EEG and ERP signals have 

been examined [3, 6-10]. In their study [3] Siuly et al. determined SZ with the Ensemble Bagged Tree (EBT) 

classifier with an accuracy rate of 89.59% using EEG and empirical mode decomposition (EMD) methods.In study 

with EEG signals obtained from healthy people and SZ patients, Devia et al. found the accuracy rate as 71% by 

using the Linear Discriminant Analysis (LDA) algorithm [6]. In another study on SZ detection, Zhang used EEG, 

and ERP signals and achieved an accuracy rate of 81.10% with the Random Forest (RF) algorithm [8]. Boostani 

et al. estimated SZ disease with 87.5% accuracy by extracting features from EEG signals obtained from healthy-

SZ patients and applying them as input to the LDA classifier [10].  

In this study, ERP signals were created from EEG signals obtained from SZ patients and the healthy control 

(HC) group. Some features are extracted by applying signal processing methods to these generated signals. These 

features are used as input in SVM, KNN, and ANN machine learning algorithms to differentiate SZ patients from 
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the HC group. While the information about the data set and methods used in the study is given in the second part, 

the results and discussion are explained in the third part. 

2. Materials and Methods 

2.1. Data Set and EEG Recording 

The data set used in the study was shared as open access and was obtained from the Kaggle website [11]. EEG 

signals were obtained from 49 SZ patients and 32 HC groups at the National Institute of Mental Health. The data 

was collected from 64 channels, but “Fz, FCz, Cz, FC3, FC4, C3, C4, CP3, CP4” channels were used in the study. 

The positions of the channels used in the study are given in Figure 1. EEG signals sampled at 1024 Hz were passed 

through a 0.5-15 Hz band-pass filter. During the recording of EEG signals, auditory stimuli were sent to the 

subjects. EEG signals were recorded by sending auditory stimuli to the subjects with three different tasks: pressing 

the button after hearing the sound, not pressing the button despite the sound, and pressing the button even though 

there was no sound. Detailed information about the data set and the experimental phase is available in [11, 12]. 

 

Figure 1. Electrode positions of channels used in the study 

2.2. Acquisition and Pre-Processing of ERP Signals 

The ERP signals were obtained from the EEG signals used in the study, and then the preprocessing steps were 

carried out. ERP signals are a small amplitude signal in EEG signals that can occur as a result of sending many 

target stimuli. ERP signals were obtained by averaging the EEG signals of the auditory target stimuli sent to the 

subjects at certain intervals. The generation of ERP signals is shown in Figure 2. 

 

Figure 2. Stages of generating ERP signals [13] 
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As a pre-process in the study, after the ERP signals are obtained, the noise is eliminated by passing through 

the finite impulse response (FIR) filter. After the features were obtained from all nine channels, the Principal 

Component Analysis (PCA) process was applied and the features were made ready for the classifier. In order for 

the classification process to be balanced, the discrepancy in the data set was resolved by using the synthetic 

minority over-sampling technique (SMOTE) [14]. After the procedures, 49 SZ patients were classified as 49 HC 

groups. 

2.3. Feature Extraction 

Feature extraction is the operation applied to transform data into features. Extracted features can be evaluated 

by statistical interpretation or classification processes and some information can be obtained. After obtaining the 

ERP signals in the study, P300 amplitude and P300 latency values, which are frequently preferred in the literature, 

were obtained. By applying signal processing methods to ERP signals, Hjorth parameters and Entropy values are 

obtained from time domain. The P300 amplitude value is the maximum value seen in the ERP signal approximately 

250-500 ms after the target stimulus. The time this value is observed is considered as P300 latency [15]. Hjorth 

parameters are a feature developed for various EEG analyses and show the activity, mobility and complexity of 

the signal [16]. Entropy is an indicator of the disorder in the signal. Mental changes and activations can be 

determined according to entropy changes [17]. 

2.4. Classification 

Classification is a technique for estimating the relevant class using attributes as input [17]. The inputs go 

through the training and testing phase and a model is created according to the relationship between these inputs 

and the classes. The features obtained in the study were evaluated by using them as inputs in SVM, KNN, and 

ANN algorithms. SVM is a method that finds the situations where the distance between two classes is maximum 

and classifies the data by determining the boundary line on the plane. It has been shown to give successful results 

in electrophysiological signals [17]. The KNN algorithm is supervised learning that classifies data through a certain 

number of neighbors’ affinity [17]. ANNs are mathematical models inspired by the information processing 

methods of nervous systems. Thanks to the connections established between artificial neurons, the ANN model is 

formed. The ANN model consists of three layers, the input layer, the hidden layer, and the output layer [18]. The 

ANN model in the study is a feed-forward network trained from the neural network toolbox in the Matlab program. 

Detailed information about the classification algorithm is explained in [18]. 

3. Results and Discussion 

This study aimed to distinguish SZ patients and HC groups from ERP signals. For this purpose, auditory stimuli 

were sent to 49 SZ patients and 32 HC groups, and ERP potential signals were obtained by averaging the recorded 

EEG signals of the target stimuli (Figure 3). As features, P300 amplitude-latency values from ERP signals and 

Hjorth parameters and entropy values were obtained by applying some signal processing techniques to ERP 

signals. Because the obtained data did not have a balanced distribution, they were artificially reproduced and 

balanced using the SMOTE method. After the data became balanced, accuracy rates were obtained by evaluating 

with SVM, KNN, and ANN classifiers as inputs. Cross-validation (CV) was preferred as 10 in the classification 

process. The accuracy rates obtained in the study are given in Figure 4. Looking at Figure 4, it is seen that the most 

successful result was obtained with the ANN classifier with an accuracy rate of 93.9%. 

 

Figure 3. a) ERP signal of SZ patient b) ERP signal of HC group 
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Figure 4. Accuracy rate results 

Studies have shown that the ERP signal obtained as a result of auditory stimuli and the P300 amplitude-latency 

values of its components can be used in neuropsychological evaluations and may be a determinant for SZ disease 

[4, 19]. It was observed that the P300 amplitude value was decreased in SZ patients compared to healthy 

individuals and the P300 generation response was delayed [4]. As can be seen in the sample signals given in Figure 

3, in this study, which supports the literature, P300 amplitudes were lower in SZ patients than in the HC group, 

while latency times occurred later. The comparison of the results of the accuracy rate obtained from this study 

with the studies conducted in the literature on SZ disease with EEG and ERP signals is given in Table 1. When 

Table 1 is examined, it is seen that the results obtained in this study compared to the studies in the literature are 

successful. 

Table 1. Comparison of the performance of the work done with the existing studies 

Study Dataset-Method Classifier Accuracy (%)  

Siuly et al. [3] EEG-EMD EBT 89.59 

Devia et al. [6] ERP- Feature extraction LDA 71 

Zhang [8] EEG-ERP- Feature extraction RF 81.10 

Boostani et al. [20] EEG- Feature extraction LDA 87.5 

This Study ERP- Feature extraction ANN 93.9 

 

4. Conclusion 

In this study, ERP signals were created from EEG signals recorded as a result of auditory stimuli from SZ 

patients and HC individuals. By obtaining features from the obtained ERP signals, SZ disease was tried to be 

predicted with machine learning algorithms. It is evaluated that the P300 amplitude-latency values obtained as 

features can be used in the diagnosis of the disease [4]. It is thought that the results obtained in this study may 

provide preliminary information about SZ disease in clinical studies in terms of P300 amplitude-latency values 

and may contribute to attention studies on auditory stimuli. Studies on the determination of SZ disease with 

machine learning methods by extracting features from EEG and ERP signals are given in Table 1. When Table 1 

is examined, it is thought that evaluating the features obtained as a result of applying signal processing methods 

to ERP signals with the ANN classifier may contribute to the diagnosis of SZ disease. 
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