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Graphical Abstract 

 
Abstract 
Accurate and efficient diagnosis of schizophrenia remains a critical challenge in clinical neuroscience. 

This study presents a novel approach leveraging complex network analysis and Discrete Fourier Trans-
form (DFT) applied to electroencephalogram (EEG) data for diagnosing schizophrenia. Due to its high 
versatility and low cost, EEG offers significant potential for widespread clinical application. Utilizing 
a rigorously validated dataset comprising 28 subjects—14 diagnosed with paranoid schizophrenia and 
14 healthy controls—, we achieved a classification accuracy of 93%. The methodology emphasizes 
computational efficiency, scalability, and flexibility, making it a promising tool for clinical applica-
tions. The findings demonstrate the potential of integrating advanced signal processing techniques with 
machine learning algorithms to advance psychiatric diagnostics. 

Keywords: Schizophrenia, Diagnosis, EEG, Complex Networks, Discrete Fourier Transform, Ma-
chine Learning, Classification Accuracy, Computational Efficiency, Random Forest, GridSearchCV 

 

Purpose, Rationale, and Limitations 
The primary objective of this study is to de-

velop a computationally efficient, scalable, and 
flexible diagnostic tool for schizophrenia using 
electroencephalogram (EEG) data. By integrat-
ing complex network analysis with a Discrete 
Fourier Transform (DFT), the research aims to 
achieve high classification accuracy while 
maintaining low computational costs, facilitate 
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widespread clinical application, and enable 
real-time diagnostic processes. 

Schizophrenia is a debilitating mental disor-
der that significantly impacts individuals' cog-
nitive and emotional functioning. Early and ac-
curate diagnosis is paramount for effective 
treatment and management. Traditional diag-
nostic methods rely heavily on clinical inter-
views and subjective assessments, which can 
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lead to delays and inconsistencies. EEG-based 
diagnostics offer an objective alternative. This 
study addresses these challenges by introducing 
a novel methodology that combines complex 
network analysis with DFT, aiming to enhance 
diagnostic accuracy while ensuring computa-
tional feasibility. 

This study is constrained by a relatively small 
sample size of 28 subjects, comprising 14 indi-
viduals diagnosed with paranoid schizophrenia 
and 14 healthy controls. The limited diversity 
within the sample may affect the generalizabil-
ity of the findings. Additionally, the dataset's 
homogeneity may not capture the full spectrum 
of schizophrenia manifestations, limiting the 
model's applicability across varied populations. 
Future research should involve larger and more 
diverse cohorts to validate and extend the cur-
rent findings. 

Introduction 
The study aims to replicate a previously re-

ported method[17] that claimed 100% classifi-
cation accuracy. The primary objective is to in-
vestigate causality rather than the method itself. 
However, because the original code was una-
vailable, the replication (the code is in the Ap-
pendix) resulted in a lower accuracy of 67%, 
highlighting the critical need for reproducible 
research practices in the field. 

Experimental Design 
The study employs a cross-sectional design 

utilizing EEG data from 28 subjects. The exper-
imental workflow encompasses data acquisi-
tion, preprocessing, feature extraction through 
complex network analysis and Discrete Fourier 
Transform (DFT), and classification using a 
Random Forest algorithm optimized via 
GridSearchCV within a Stratified 14-fold 
Cross-Validation framework. Stratified K-fold 
cross-validation ensures a balanced representa-
tion of classes in each fold, mitigating potential 
biases due to class imbalance. 

Hypothesis 
The integration of complex network analysis 

and DFT applied to EEG data can accurately 
distinguish between individuals with paranoid 
schizophrenia and healthy controls, achieving 
high classification accuracy with minimal com-
putational resources. 

Methods 
Data acquisition  
EEG data were sourced from the dataset pro-

vided by Graph-based analysis of brain connec-
tivity in schizophrenia[1]. The dataset consists 
of recordings from 28 subjects: 14 diagnosed 
with paranoid schizophrenia and 14 healthy 
controls. The EEG data were preprocessed to 
isolate specific channels relevant to brain con-
nectivity analysis. 

These topographic maps and graphs reveal 
substantial variability in brain activity across 
subjects, complicating the identification of con-
sistent patterns. This variability prompted the 
exploration of multiple approaches to enhance 
classification accuracy. 

The development of this methodology was 
significantly supported by the T5 channel, 
which played a crucial role in refining the pro-
cess. The insights from its implementation pro-
vided key guidance in enhancing the classifica-
tion framework and optimizing the procedure. 
The final version pick O1, O2, P4, T5, Pz and 
T6 channels. 

Preprocessing 
EEG signals were standardized using the 

StandardScaler to ensure uniform scaling 
across channels. Adjacency matrices represent-
ing brain connectivity were generated by com-
puting Pearson correlation coefficients between 
selected EEG channels over specified time win-
dows. Specifically, six channels—O1, O2, P4, 
T5, Pz, and T6—were selected based on their 
relevance to brain connectivity patterns impli-
cated in schizophrenia. 
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Schizophrenia: 
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Control: 
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Feature extraction 
The adjacency matrices were transformed us-

ing a discrete Fourier Transform (DFT) to ex-
tract spectral features. The real component of 
the transformed matrices was utilized, and ei-
genvalues were computed to capture the spec-
tral properties of the brain connectivity net-
works. 

Classification 
A Random Forest classifier was used to dif-

ferentiate between schizophrenia and control 
subjects. The model was encapsulated within a 
pipeline that included several steps. First, impu-
tation was applied using SimpleImputer with a 
mean strategy to handle missing values. Next, 
feature scaling was performed using 
MinMaxScaler to ensure that all variables were 
on the same scale. Dimensionality reduction 
was then performed using Principal Component 
Analysis (PCA), retaining 95% of the variance. 
Finally, a RandomForestClassifier was em-
ployed with hyperparameters optimized via 
GridSearchCV. 

The optimized hyperparameters included the 
number of estimators (n_estimators) set to 100, 
no restriction on maximum depth (max_depth), 
and the minimum number of samples required 
to split a node (min_samples_split) set to 10. 

For cross-validation, a Stratified K-Fold 
Cross-Validation with 14 folds was used to en-
sure balanced class representation in each fold. 
The value of K was chosen as 14 to match the 
number of subjects, ensuring that each fold con-
tained data from every subject, thus reducing 
subject-specific biases. 

The cross-validation was applied to the entire 
pipeline, including feature extraction and hy-
perparameter tuning, to ensure that the evalua-
tion metrics accurately reflected the model's 
performance on unseen data. 

Evaluation metrics 
Classification performance was evaluated us-

ing accuracy, precision, recall, F1-score, and 
confusion matrix. Cross-validation predictions 
were used to generate a comprehensive classi-
fication report, providing insights into the mod-
el's ability to identify both control and schizo-
phrenia subjects correctly. 

Results 
The classification model achieved a Total Ac-

curacy of 92.86%, with both control and schiz-
ophrenia classes exhibiting an Accuracy of 
92.86% each. The Best Parameters identified 
through GridSearchCV were: 

 

clf__n_estimators: 100 
clf__max_depth: None 

clf__min_samples_split: 10 
The Classification Report is as follows: 

 Precision Recall F1-Score Support 

Control 0.93 0.93 0.93 14 

Schizophrenia 0.93 0.93 0.93 14 

Accuracy   0.93 28 

Macro Avg 0.93 0.93 0.93 28 

Weighted Avg 0.93 0.93 0.93 28 
 

The Confusion Matrix revealed: 
[[13 1] 

[ 1 13]] 
The confusion matrix indicates that 13 of 14 control subjects were correctly classified, and one was 

misclassified. Similarly, 13 of 14 schizophrenia subjects were correctly classified, and one was mis-
classified. 
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Discussion 
This study successfully demonstrated the effi-

cacy of combining complex network analysis 
with DFT for diagnosing schizophrenia using 
EEG data. Achieving a 93% classification ac-
curacy underscores the potential of this meth-
odology in clinical settings. The rigorous vali-
dation process, which involves subject-by-sub-
ject verification and Stratified 14-fold Cross-
Validation, ensures the reliability and robust-
ness of the findings. 

Compared to traditional EEG-based diagnos-
tic tools, which often rely on time-domain or 
basic frequency-domain analyses, the integra-
tion of complex network analysis provides a 
more nuanced understanding of brain connec-
tivity patterns. Unlike methods focusing solely 
on spectral features, our approach captures neu-
ral networks' structural and functional aspects, 
potentially uncovering biomarkers more spe-
cific to schizophrenia. 

The attempted replication of a previously re-
ported method, which claimed 100% accuracy, 
resulted in a considerably lower accuracy of 
67%. This discrepancy highlights the im-
portance of methodological transparency in 
clinical neuroscience applications. Our findings 
suggest that achieving high classification accu-
racy is contingent upon careful feature extrac-
tion, appropriate model selection, and robust 
cross-validation techniques. 

The high precision and recall across both clas-
ses indicate that the model consistently distin-
guishes between schizophrenia and control sub-
jects, minimizing both false positives and false 
negatives. This balance is crucial in clinical di-
agnostics to avoid misdiagnosis and ensure ap-
propriate treatment interventions. The model's 
computational efficiency and scalability further 
enhance its suitability for real-time diagnostic 
applications in diverse clinical environments. 

Conclusion 
This study presents a novel and efficient approach for diagnosing schizophrenia using EEG data, 

complex network analysis, and Discrete Fourier Transform. The methodology achieved a high classifi-
cation accuracy of 93%, demonstrating its potential as a reliable diagnostic tool. The approach's low 
computational cost, scalability, and flexibility make it well-suited for clinical applications, potentially 
facilitating early and accurate diagnosis of schizophrenia. Despite the promising results, further valida-
tion with larger and more diverse populations is essential to establish the method's generalizability and 
effectiveness across varied clinical settings. Integrating advanced computational techniques in psychi-
atric diagnostics represents a significant step forward in bridging the gap between neuroscience research 
and clinical practice. 
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