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FIGURE 1: A general perspective for complex brain network analysis methods and its applications in brain disorders.
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 Shortcomings of standard methods

* Thresholding issue
« Data perturbation across ...

1/f spectral distribution, subject by subject, condition to condition, ...
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1/f noise — Scholarpedia, Brunet et al 2011
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In this study we investigate three representations: 1) X is obtained by considering the Pearson correlations among channels and results in a
description of spatial correlations, 2) T is the Takens (or delay) embeddings starting from the multivariate EEG timeseries and explicitly encoding
temporal correlations within the signals, 3) D is a variant of T wherein the EEG timeseries is directly embedded, that is, without the imposition of

time-delay vectors, effectively equivalent to considering the brain configuration space
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. Time delay embedding uses signal samples as the

— - Stale Space  oordinates of state space points. Time window
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(4) Frzef(Persistence Entropy , PE)
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n: Number of nodes

ml1,m2: Node feature dimension
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%1 EEGARFIA B IE . SRS G AR R T Mo 5 1 L

ﬁ\&% 7] %\%3%% 2 Delta Theta Alpha Beta Gamma
E T

PLV 0.8380 0.9001 0.7748 0.7711 0.6731

6 PCC 0.8513 0.8966 0.7995 0.7490 0.6734

PLI 0.6418 0.6490 0.5796 0.6132 0.6271

PLV 0.8379 0.8948 0.7519 0.7225 0.6603

8 PCC 0.8391 0.8802 0.7625 0.7209 0.6536

PLI 0.6500 0.6456 0.5883 0.5996 0.6262

PLV 0.8280 0.8909 0.6734 0.7163 0.6361

10 PCC 0.7991 0.8704 0.7159 0.6954 0.6216

PLI 0.6450 0.6456 0.5751 0.6067 0.6280
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K2 AFIFFUERE XS B AR P 28 HY) 5 i

e AE 48 [F Accuracy Precision Recall F1-Score
A 0.8368 0.8166 0.9328 0.8708
B 0.8858 0.8669 0.9526 0.9077
C 0.9106 0.9107 0.9407 0.9255
D 0.9262 0.9278 0.9486 0.9381
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K3 [FIZRINEE R

# 3=  Accuracy Precision Recall F1-Score  AUC
SVM 0.8127 0.8249 0.8381 0.8236 0.8841
CNN-2 0.8716 0.8649 0.9091 0.8805 0.9273
CNN-5 0.8606 0.8660 0.8807 0.8679 0.9232
EFC- 0.9001 0.8818 0.9445 0.9085 0.9484
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P value of correlation between topological metrics and symptoms

Rank Erai_n Degree Efficiency Betweenness
Region

PLBF NLBF GLBF PANSS1 PLBF NLBF GLBF PANSS1 PLBF NLBF GLBF PANSS1
GCN
1 Cc2 092231 043549  0.25754 0.40694 051847 0.64544 0.08858  0.20196 0.70272 041276 0.16987 03203
2 C1 0.64426 0.40957 0.19714 0.30167 0.68519 0.64918 0.0669 0.21214 0.7604% 0.31052 0.09276 0.320043
3 Cz 0.51514 042979  0.16024 0.2624 0.85837 0.55047 0.09316  0.25695 0.68672  0.26788 018896 042714
4 FC2 0.65122 0.70171 0.21727 032955  0.4498 0.84087  0.04854  0.14363 0.50824  0.82701 0.04277  0.14711
5 CP1 0.57352 0.53541 0.07071 0.19072 0.79454 0.8661% 0.23114 0.48831 0.47336 0.53083 0.80481 0.8979
6 CPz 0.73422 064193  0.11554 0.29405  0.76971 0.81317 0.27457 048373 023794  0.65648 091653 093339
7 FC1 0.79026 050643  0.22446 029752 028734 056336  0.03461  0.14%966 0.18687 030585  0.02969 0.1818
8 CP2 050938 0.50962 0.13131 020715 0.75814 091159 0.15189 037896 030497 0.68365 042924 0.76965
9 FCz 0.56555 058602  0.20848 0.285%49 051978 0.59016  0.04235  0.16756 056913 03879 0.04268  0.20707
10 C4 0.6004 0.67879 0.15123 030636 0.60249 0.97638 0.09778 0.17088 0.89717 0.99164 0.21685 0.29102
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