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Abstract: Objectives: A schizophrenia patient model based on Persistent homology and multilayer brain networks combines 

full-frequency band information to mine and categorize key brain regions, providing a decision-making basis for patient 

treatment. Methods: Using the information of 198 subjects from Huilongguan Hospital in Beijing who met the requirements of 

this study, the network features based on the constructed multilayer brain network were mined by Persistent homophony and 

traditional methods of mining multi-frequency band information of subjects, and finally analyzed by using a deep learning model. 

Results: After the lesion, the brain area changes were mainly in the frontal central cortex and left parietal lobe, leading to the 

alteration of the patient's perceptual and cognitive abilities, and the classification training using a deep learning model resulted 

in a classification accuracy of 92.3%. Conclusion: By constructing a multilayer brain network model and using a persistent 

homology approach, cross-frequency band information can be effectively utilized, and higher-order information can be exploited 

to improve disease diagnosis. 
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1. Introduction 

Schizophrenia is a common chronic disabling mental 

disorder, although its neurological basis is unclear. Relevant 

studies have shown that schizophrenia is a complex mental 

disorder typically characterized by abnormalities in whole-

brain connectivity, and its underlying neuropathology is 

related to abnormal coordination of the patient's functioning 

in multiple brain regions [1, 2]. 

Brain activity is frequency-specific and different 

physiological activities produce frequency-specific signals. 

Recent studies have found that brain network differences in 

schizophrenia occur at different frequencies [3, 4]. 

Researchers have also found that people with schizophrenia 

exhibit broad band-specific differences in low-frequency 

amplitude and regional coherence [5]. However, previous 

studies have shown that cross-frequency coupling is used in 

the deployment of spatial attention during visuomotor tasks 

whereas the study of intra- or inter-band interactions at 

specific frequencies plays an important role in the study of 

schizophrenia [6, 7]. Therefore, different frequency bands 

cannot simply be considered as a single entity. Neglecting the 

interactions between frequency bands may lead to the loss of 

some important information [8]. 

It has been shown that differences in the function of some 

of the same nodes appear under single-layer and multilayer 

networks, while multilayer networks can integrate both intra- 

and inter-layer interdependencies [9]. Many scholars have 

already used multilayer networks to capture network global 

information, such as in adolescent myoclonic epilepsy by 

building multilayer brain networks to study the modular 

changes in brain network function and the differences 

between healthy subjects after lesions of specific functional 

networks [10]. Changes produced by building multilayer 

brain networks for normal subjects versus headache patients 

after lesions of specific functional networks [11]. For patients 

with schizophrenia, it has been shown that patients with 

schizophrenia have disorganized brain network topological 

features compared to healthy subjects [12]. This suggests that 

patients have dysfunctional brain functional network 

organization. Therefore, we used multilayer networks for the 

study of functional networks in schizophrenia. Here, we 

explored the dynamic functional characteristics of the whole 

brain of schizophrenic patients from a multifrequency 

perspective. First, we constructed a multilayer network model; 

then, we introduced the sustained homology theory to be 

applied in the multilayer network, and assessed the 

integration and separation characteristics of the multilayer 

frequency brain network in schizophrenia patients. In addition, 

we explored the significant changes in brain regions when 

schizophrenia patients had lesions to further assess the 

correlation between the multilayer network characteristics 

and patients' clinical symptoms, and finally, we used the deep 

learning model to discriminate the classification of 

schizophrenia patients. 

2. Basic Principles 

2.1. Simplex and Simplex Complex 

A simplex is a geometric structure commonly used in 

topological data analysis, while a simplex complex is a 

combination of simplexes with the property that it can 

approximate any complex shape and is easy to compute. Due 

to the lack of direct methods to extract topological 

information from data points, simplexes are often constructed 

as topological approximations of the underlying shapes of 

sampled points in topological data analysis. Here the simple 

complex shape can be viewed as a high-dimensional 

extension of a graph [13, 14]. 

The essence of a simplex is the generalization of a triangle 

to each dimension, an abstract simplex is any finite set of 

vertices, a simplex I= {𝑎, 𝑏}  is one-dimensional while a 

simplex J= {𝑎, 𝑏, 𝑐}  is two-dimensional, etc. k-dimensional 

simplexes are illustrated in Fig. 1, where vertices (k=0) are 
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zero-dimensional simplexes, edges (k=1) are one-

dimensional simplexes, and triangles (k=2) are two-

dimensional simplexes, tetrahedron (k=3) is a three-

dimensional simplex [15]. 

 
Figure 1. k-dimensional simplex 

The set of simplexes is a simplex complex, and for each 

simplex K, the following two conditions are satisfied (1) any 

face of any simplex in K still belongs to K, and (2) the 

intersection of any two simplexes in K is either the empty set 

or one of the faces shared by both. Figure 2 shows a simplex 

complex containing two two-dimensional simplexes 

(triangles) connected along one edge and another two-

dimensional simplex connected by a one-dimensional 

simplex (line segment). Since the highest dimensional 

simplex contained in this simplex is two-dimensional, it is 

called a two-dimensional simplex. 

 
Figure 2. two-dimensional simple complex  

2.2. Constant Homology 

Clustering coefficients in brain networks are important 

metrics used to statistically compute the processing power of 

the local information of nodes, and in this paper, we use 

persistent homology to capture continuously changing 

topological information in the metric space. First, Vietoris-

Rips (VR) complex shapes of different dimensions are 

constructed according to a specified threshold ε (when ε is 

larger than the metric between nodes in the network, a line is 

formed between two points), and the process is illustrated in 

Fig. 3, which results in the persistent topological feature in 

different dimensions, i.e., 0-dimensional, 1-dimensional, and 

2-dimensional Betti numbers, etc. The feature is usually 

visualized with Persistence Diagram (PD) or barcode [16, 17]. 

 
Figure 3. Examples of simplex complexes of different dimensions 

The existence of multilayer networks greatly enriches the 

existence of complex shapes in the network, and the edges of 

simple complex shapes may all be distributed in a certain 

layer, or they may be distributed in different layers 

respectively to exchange the point cloud coordinates of 

isomorphic neighboring layers to form the extraction of 

simple complex shapes in multilayer networks. 

2.3. Graphical Convolutional Neural Network 

GCN is a graph neural network model for processing 

graph-structured data. GCN performs information 

propagation and feature learning on graph data through 

convolutional operations, which enables each node to 

aggregate information from its neighboring nodes to achieve 

tasks such as feature learning and node classification on graph 

data [18, 19]. 

The core idea of GCN is based on graph convolution 

operation. For a graph containing N nodes, GCN introduces a 

learnable parameter matrix to linearly transform the features 

of the nodes [20]. By weighted summation of the features of 

neighboring nodes, each node gets an updated feature 

representation. The graph convolution operation of GCN can 

be expressed as the following equation: 

𝐻(𝑙+1) = 𝜎 (𝐷̃−
1

2𝐴̃𝐷̃−
1

2𝐻(𝑙)𝑊(𝑙))         (1) 

Where A ̃=A+I, I is the unit matrix, D ̃ is the degree matrix 

(degree matrix) of A ̃, H is the features of each layer, and σ is 

the nonlinear activation function. 

The graph convolution operation through multiple layers 

enables each node to aggregate information about a wider 

range of neighboring nodes, thus enabling a hierarchical 

representation of node features and the learning of complex 

relationships, with the layer feature propagation formula of: 

𝑓(𝐻(𝑙), 𝐴) = 𝜎 (𝐷̃−
1

2𝐴̃𝐷̃−
1

2𝐻(𝑙)𝑊(𝑙))       (2) 

Ultimately, GCN can perform tasks such as node 

classification, link prediction, and graph representation 

learning with node feature vectors. However, GCN cannot 

specify different weights for different nodes in the 

neighborhood. 

3. Experimentation 

This paper proposes a method of multilayer network 

modeling and its analysis for schizophrenia patients, the 

overall process is divided into three parts of processing, first 

for the collection of EEG data and preprocessing, through the 

preprocessing data will be divided into five frequency bands, 

in the construction of multilayer network, within the layer 

based on the Pearson correlation coefficient to build a single-

layer brain network, between the layers of the adjacent layers 

of the same nodes for inter-layer linking, and finally based on 

the multilayer network metrics to find significant brain 

regions and patient classification downstream tasks. The 

experimental flow of this study is shown in Figure 4. 
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Figure 4. Experimental flow chart 

3.1. Experimental Subject 

The experiment used 59-channel EEG data collected under 

closed-eye resting state from 104 first-episode 

stemmatological patients and 94 healthy subjects in 

Huilongguan Hospital, Beijing, China. Matching was done by 

gender, age, and education level, and the demographics, 

PANNS scores, and other clinical data statistical information 

of the two groups of subjects are shown in Table 1. 

3.2. Data Preprocessing 

Experiments were performed using Python's MNE toolkit 

to preprocess the EEG signal data. The signal was filtered into 

five frequency bands, Delta (1-3 Hz), Theta (4-7 Hz), Alpha 

(8-12 Hz), Beta (13-30 Hz), and Gamma (31-49 Hz). The time 

length of each sample data was about 230 s. A sliding window 

(length=10 s TR=10 s) was utilized to intercept the data from 

40 s-200 s to represent the topology of the brain. Repeated 

experiments were performed on all EEG signals through non-

overlapping sliding windows. 

 

Table 1. Table of demographic and clinical data statistics for subjects in both groups 

Features Schizophrenic patients (n = 104) Health subjects (n= 94) Statistical value 

Average age (years) 30.49 (20-50) 30.50 (17-48) F1,196< 1 

Time of education (years) 14.15 (9-19) 14.73 (9-19) F 1,196 = 2.697, p = 0.102 

Gender (male/female) 52/52 50/44 12 = 0.201, p = 0.654 

PANSS score 75.28 ± 11.10   

Positive score 21.77 ± 4.89   

Negative score 17.32 ± 5.84   

3.3. Single-Layer Network Construction 

Each time window was taken as a sample, and the brain 

network was constructed and used as a graph structure by 

using the Pearson correlation value between time series as the 

functional connectivity value between brain regions, and 59 

brain regions were extracted from the EEG data by relying on 

the operating guidelines of clinical EEG technology [3], 

which were set up as each node, and a 59 × 59 distance matrix 

was extracted, and the Pearson correlation value between time 

series was used as the functional connectivity value between 

brain regions. functional connectivity values between them. 

For each node, a 59×59 neighbor matrix was constructed by 

dynamically adjusting the threshold for binarization 

according to its PLV value with other nodes. 

3.4. Multilayer Network Construction 

For multilayer networks, there is a common representation: 

the block adjacency matrix. A multilayer network with 

layering can be represented as: 

𝑨 = [

𝐴1 ⋯ 𝐻1𝑓

⋮ ⋱ ⋮
𝐻𝑓1 ⋯ 𝐴𝑓

]              (3) 
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Where 𝐴𝛼  is denoted as the symmetric square matrix of 

layer ∝ , 1 ≪∝≪ 𝑓 , and 𝐻𝑘𝑙   is the connection matrix 

between layer 𝑘 and layer 𝑙, 1 ≪ 𝑘, 1 ≪ 𝑓. Each layer has 

the same dimension as the neighbor matrix (𝑁 ∗ 𝑁). In this 

paper, a multilayer network based on EEG signal data is 

constructed by integrating five (Delta, Theta, Alpha, Beta, 

Gamma) frequency specific networks, in which each layer 

shares the same set of nodes (N=59), and the constructed 

single-layer brain network is used within the layers, and the 

same nodes are connected between the layers, disregarding 

different node connections in different frequency bands. 

3.5. Multilayer Centrality Metric 

The centrality property of multilayer networks was 

calculated. The importance of a region relative to the overall 

functional connectivity of the brain can be quantified by a 

centrality measure. The “degree” in a single-layer network is 

extended to a multi-layer network and is called “node overlap” 

[21]. However, in multilayer networks, there may exist node 

a and node b with the same degree of node overlap, but the 

degree of distribution in different layers is different, resulting 

in the two nodes have different roles in the network. Therefore, 

multilayer entropy (EMD) is proposed as an indicator to react 

to the distribution of nodes in different layers to judge the 

function of nodes in multilayer networks. 

The higher the EMD value, the more uniformly the nodes 

are distributed in each layer, and the more role the nodes play 

in the layers. Therefore, in this paper we use the EMD value 

to denote the global processing power of the network. In 

multilayer networks, we define the multilayer entropy EMD 

formula as: 

𝑀𝑖 = − ∑
𝐾𝑖

[𝑎]

𝑂𝑖
ln (

𝐾𝑖
[𝑎]

𝑂𝑖
)𝑀

𝑎=1             (4) 

Where ∝ denotes a layer in a multilayer network, M is the 

number of layers, 𝑘𝑖
[∝]

 denotes the degree value of node 𝑖 on 

layer ∝, and 𝑂𝑖  denotes the overlap degree of node 𝑖. 𝑂𝑖is 

related to 𝑘𝑖
[∝]

 as follows:  

𝑂𝑖 = ∑ 𝐾𝑖
[𝑎]𝑀

𝑎=1                 (5) 

The multiple entropy of a multilayer network can be 

expressed as the average of the EMD of each node: 

𝐸 =
1

𝑁
∑ 𝐸𝑖

𝑁
𝑖=1                  (6) 

3.6. Feature Extraction 

The experiment uses Pymnet library in Python for 

multilayer brain network construction with Giotto-TDA 

topology machine learning toolbox for VR complex shape 

extraction. Based on the Pearson correlation coefficient 

constructed for each frequency band of the single-layer brain 

network, extract its edge weight matrix in the conversion to 

point cloud coordinates, that is, for each layer of the brain 

network, to get the point cloud coordinates of its 59 nodes, the 

neighboring layer of the same node point cloud coordinates, 

point cloud coordinate exchange to achieve the cross-layer 

information interaction, and ultimately into the Giotto-TDA 

toolbox for the extraction of simplex complex shapes, to 

realize the cross-layer simplex complex shape Construction. 

Figure 5 shows the visualization of the brain network after the 

exchange of cross-layer point cloud coordinates, and the red 

node, i.e., the point cloud coordinates of the 20th brain region 

in the adjacent layer, is interacted with the visualization of the 

adjacent layer. 

 
Figure 5. Cross-layer visualization of point cloud coordinates 

Based on the constructed multilayer brain network, the 

multiple entropy of each node is calculated. For each 

extracted simplex complex, based on the circle ratio, the 

number of times each node participates in the simplex 

complex is calculated to derive the circle ratio value. 

In the process of researching and designing high-

dimensional topological features, since the persistence 

diagram PD obtained by VR filtering flow does not directly 

enter into machine learning algorithms for classification, 

based on the existing methods of topological data analysis, we 

convert the persistence diagram PD into persistence 

landscape diagram PL, Betti curve BC, and heat kernel 

diagram HK, which are able to observe the characteristics of 

the obtained persistence diagram PD from different 

dimensions. Compared to directly extracting features from 

complex EEG temporal data for classification, extracting 

topological features from the persistence map PD is highly 

interpretable and visualizable. In order to highly profile the 

three topological feature maps obtained, we summarize the 

PL, BC, and HK using matrix paradigms (1-paradigm vs. 2-

paradigm), and obtain a matrix paradigm in each dimension 

of the VR complex shape to obtain the feature values that can 

be used for machine learning classification, in the process 

shown in Fig. 6. The feature formulae are then described in 

terms of reasoning, and feature representations as shown in 

Table 2 for the topological features of the experimental field 

and the corresponding parameter selection and realization are 

investigated and proved to be effective. 
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Figure 6. Flowchart of topological feature extraction 

 

Table 2. Topological feature parameter selection 

topological feature Parameter selection 

persistent landscape 

2-layer 1-parameter 

2-layer 2-parameter 

1-layer 1-parameter 

1-layer 2-parameter 

Betti curve 
1-parameter 

2-parameter 

heat core 

Gaussian kernel standard deviation 1.6 1 Fan number 

Gaussian kernel standard deviation 3.2 1 Fan number 

Gaussian kernel standard deviation 1.6 2 Fan number 

Gaussian kernel standard deviation 3.2 2 Fan number 

persistent entropy  no 

4. Experimental Results and Analysis 

4.1. Significant Brain Region Differences 

For the data of the subjects in the experiment, the following 

experimental steps were carried out for each group of subjects 

separately. Calculate the multilayer overlap degree, 

multilayer participation coefficient, and multilayer entropy of 

each node, and average the multilayer entropy values taken in 

all brain regions to get the overall multilayer entropy of the 

multilayer brain network of the subject. Based on the 

constructed multilayer brain network, the coordinates of the 

point clouds of the same nodes were interchanged, and their 

persistence graphs were extracted through persistent 

homology and transformed to obtain the higher-order features 

of each subject. After that, the network features were analyzed 

holistically from the perspective of the whole brain. 

Independent samples t-test was used to test the differences 

between the groups, and the results are shown in Figure 7, in 

which there is a significant difference between the two groups 

of subjects in the multilayer degree of entropy index, and the 

multilayer degree of entropy of normal people is significantly 

higher than that of the patients with schizophrenia scores 

(p<0.01). 

 
Figure 7. Comparison of EMD between normal and spermatozoa 

patients 

The persistent homology of the two groups of subjects 

obtained by continuous homology is shown in Figure 8. From 

the figure, there is significant variability in the persistence 

maps under the two groups of subjects. The two-dimensional 

topology of the healthy subjects is more clustered in the 

higher threshold part of the distribution than that of the 

seminal patients, indicating that the topology of the healthy 

subjects still maintains strong connectivity and stability at 
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high thresholds. The topology of the spermatic patients, on 

the other hand, was more dispersed, indicating that the 

topology of the spermatic patients showed more variation or 

instability at lower thresholds. 

 
Figure 8. Comparison of normal and patient persistence images 

The above results show that the overall multilayer degree 

of entropy of the multilayer brain network shows a decreasing 

result after lesioning from a normal person to a 

spermatoglyphic patient, which is in mutual agreement with 

the results of the persistence plot observation, and responds 

to the fact that the brain network shows a decreasing result of 

the global information processing ability and the overall 

coordination after lesioning. 

Relying on the clinical EEG technology operation 

guidelines were able to extract 59 brain regions from the EEG 

data to get the electrode position and name of each brain 

region. In this section is the integration and separation 

mechanism of the network is studied in each brain region, 

calculating the multilayer degree entropy of each node to get 

the changes of the brain region after the lesion, and fusing 

with the higher-order features to calculate the weight for 

ranking to get the results as shown in Table 3 below. 

 

Table 3. Table of Significant Differences in Brain Regions Across 
the Brain 

 title electrode position weights 

Patient 

F8 Right Frontal Cortex 0.183 

T7 Left Temporal Lobe 0.182 

O1 Left Occipital Lobe 0.179 

Fz Frontocentral Cortex 0.178 

P6 Right Parietal Lobe 0.182 

Fp1 Left Frontal Cortex 0.181 

F7 Left Frontal Cortex 0.180 

P4 Right Parietal Lobe 0.179 

F8 Right Frontal Cortex 0.183 

F5 Left Frontal Cortex 0.182 

 F4 Right Frontal Cortex 0.183 

 FC5 Left Parietal Lobe 0.182 

 F7 Left Frontal Cortex 0.187 

 T8 Right Parietal Lobe 0.189 

Normal T7 Left Parietal Lobe 0.176 

 Fp1 Left Frontal Cortex 0.179 

 F3 Left Frontal Cortex 0.178 

 T7 Left Temporal Lobe 0.180 

 C4 Right Central Region 0.183 

 C3 Left Central Region 0.179 

 

The left parietal lobe is a major region of the brain located 

at the top and side of the brain, in the left cerebral hemisphere. 

The parietal lobe is one of the four main lobe-like structures 

of the brain and is responsible for a variety of perceptual, 

cognitive and motor functions. This region has also been 

repeatedly found to be abnormal in structural imaging studies 

of patients with schizophrenia [22]. 

The frontal-central cortex is a specific area located at the 

front of the brain, also known as the central frontal cortex. It 

is the anterior midline region of the cerebral cortex and is 

located in the center of the frontal lobe. The brain region plays 

an important role in cognitive, emotional and behavioral 

regulation. The frontal-central cortex plays a key regulatory 

role in many cognitive tasks, emotional processing, and social 

behaviors [23]. 

 
Figure 9. Differences in topography of brain regions between 

normal and schizophrenia patients 

The experimental results showed that the important brain 



 

17 

regions were mainly found in the right and left frontal cortex, 

the left temporal lobe, and the right and left parietal lobes. 

Specifically: for the right and left frontal cortex, right parietal 

lobe, and left temporal lobe, the brain regions corresponding 

to these electrode locations all play important roles in the 

brain regions of normal people and schizophrenic patients as 

the main nodes [24]. While for the two electrode positions 

FC5 and T7 corresponding brain regions play important roles 

in normal people's brain regions, but the importance decreases 

after the onset of the disease, in contrast, the importance of 

the brain regions corresponding to the Fz electrode positions 

increases, indicating that the frontal-central cortex undergoes 

important changes after the lesion. These results indicate that 

the changes in the brain regions of the subjects after the lesion 

indicate that schizophrenic patients have different degrees of 

alterations in their perceptual and cognitive functions, and 

this phenomenon contributes to the further understanding of 

the pathogenesis of schizophrenia[25]. Brain topography 

mapping based on the weighted magnitude is shown in Figure 

9. 

4.2. Classification of Patients with Different 

Characteristics 

Firstly, the four higher-order topological features with 

multiple entropy extracted from the subjects under each 

multilayer network were entered into the deep learning and 

traditional machine learning models (GCN, SVM, CNN, 

KNN) for classification respectively, and the feature 

performance was evaluated using the correct rate. Then the 

traditional higher order features based on each frequency 

band and multiband fusion to get multilayer network features 

for machine learning classification model comparison 

experiments using fivefold cross validation, the results are 

shown in Table 4. As shown in Table 4 it can be seen that the 

multimodal persistent features have higher accuracy rate, at 

the same time, based on the results in Table 4, we use the 

classifier GCN with the highest accuracy rate to compare the 

different features with multiple metrics, and under the four 

metrics of accuracy, precision, recall, and F1 scores, the 

multimodal persistent features have better performance, and 

the results are shown in Table 5. 

 

Table 4. Comparison of classification performance of multiple 
classifiers with different features 

Features GCN CNN SVM KNN 

EMD 0.694 0.655 0.643 0.633 

PL 0.707 0.693 0.677 0.676 

PD 0.716 0.687 0.673 0.644 

HK 0.733 0.694 0.684 0.673 

PE 0.721 0.701 0.691 0.688  

EMD+PL+PD+HK+PE 0.923 0.894 0.889 0.863 

 

From Table 4, it can be seen that multimodal persistent 

features have higher accuracy rate, also based on the results 

in Table 4, we use the classifier GCN with the highest 

accuracy rate to compare different features with multiple 

indicators, and multimodal persistent features have a better 

performance under the four indicators of accuracy, precision, 

recall, and F1 score, and the results are shown in Table 5. 

 

 

 

 

Table 5. GCN model classification performance 

Features Accuracy Precision Recall F1 

EMD 0.694 0.714 0.455 0.556 

PL 0.707 0.8 0.571 0.667 

PD 0.716 0.8 0.615 0.98 

HK 0.733 0.894 0.625 0.721 

PE 0.721 0.833 0.597 0.694  

EMD+PL+PD+

HK+PE 
0.923 0.932 0.833 0.880 

5. Conclusion 

In this study, we propose a multilayer brain network 

modeling method based on EEG signals for mining changes 

in brain regions of schizophrenia patients during lesions and 

classifying them based on the extracted network features. 

First, we segment the signal into multiple non-overlapping 

continuous time windows using a determined window length 

and step size. Then, functional connectivity between single-

layer nodes is calculated based on phase-locked values, and a 

multilayer brain network is constructed. Next, we realize the 

capture of cross-frequency band information by exchanging 

the point cloud coordinates of neighboring layers and extract 

higher-order features by continuous homodyne filtering, and 

finally realize the extraction of cross-frequency domain 

information of the multilayer brain network. 

The results of the study showed that the best results were 

obtained using a multilayer network and fusing local and 

global features for classification. An accuracy of 0.923 was 

achieved when using a graph convolutional neural network 

model for classification. this is because the multilayer alarm 

network-based model with continuous homophony approach 

is able to capture higher-order topological features across 

frequency bands that are not accessible to traditional single-

layer brain networks. With the constructed multilayer 

network model and topographic difference maps across 

frequency bands, we reveal the topological structure and 

features of EEG data, and revisit the understanding and 

interpretation of brain functions from the perspective of 

topology. 

Future research can further expand and optimize the 

multilayer brain network modeling method based on EEG 

signals. Combining other brain imaging techniques and 

clinical features to improve the understanding and diagnostic 

accuracy of psychiatric disorders of the brain and to provide 

more effective support for individualized treatment and 

rehabilitation. 
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