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Multiple labels in
mask file: each label
is considered as one

ROI

Dosenbach et al., 2010

Andrews-Hanna et al.,
2010

Craddock et al., 2011

Define other ROIs

¥ Multiple Labels in mask file

AAL atlas

Harvard-Oxford atlas

Dosenbach's 160 functional ROIs

Andrews-Hanna's DMN ROIs

Craddock's 200 clustering ROIs
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Define ROI
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# ROI_OrderKey_Sub_001.tsv

% ROICorrelation_FisherZ_Sub_001.ma

ROICorrelation_FisherZ_Sub_001.txt

ROICorrelation_FisherZ_Sub_003.mat

ROICorrelation_FisherZ_Sub_003.txt
ROICorrelation_Sub_001.txt

% RoICorrelation_Sub_003.mat
ROICorrelation_Sub_003.txt A 1
ROISignals_Sub_00T.txt Apr1 21a

£ rol! ignals_Sub_003.mat Apr 19, 2021 at 3
ROISignals_Sub_003.txt 19, 2021 1

@
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DPABINet Network Construction

Participants

Sub_003 File Prefix:  ROISignals_

File Suffix:  -mat

Method Parameter:
ROl Indices: 1567 1568 RtoZ Apply R to Z Scaling Factor
Higher Order Averaging
o i 4 x| | ... Parallel Workers # | 0
save Load Quit Run
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% Methods:
% 'cov' - covariance (non-normalised “correlation”)
% ‘amp' - only use nodes' amplitudes - the individual original "netmats" are then (Nnodes X 1) and not a aquare matrix
% ‘corr’ - full correlation (diagonal is set to zero)
% 'rcorr’ - full correlation after regressing out global mean timecourse
% 'icov’ - partial correlation, optionally "ICOV" Li-regularised (if a lambda parameter is given as the next option)
5 e netmats=nets_netmats(ts,1, 'icov'); % (unregularised) partial correlation
% e.g.: netmats=nets_netmats(ts,1,'icov',10); % “ICOV" Ll-norm regularised partial correlation with lambda=10
% Ll-regularisation requires the Llprecision toolbox from http://wa.di.ens. fr/~mschnidt/Software/L1precision. html
% 'ridgep' - partial correlation using L2-norm Ridge Regression (aka Tikhonov)
% netmats=nets_netmats(ts, 1, ‘ridge regularisation rho=0.1
% netmats=nets_netmats(ts, 1, 'ridge]

Meth bV oo I |Melhud Parameter:

ROI I 1568 RtoZ Apply R to Z Scaling Factor

outy Results/Net/NetworkMatrix Parallel Workers # | 0

Save Load Quit Run

'ridgep’ - partial correlation using L2-norm Ridge Regression (aka Tikhonov)
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Participants
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File Suffix:  -mat

Method: | corr Method Parameter:

ROl Indices: 1567 1568 RtoZ Apply R to Z Scaling Factor
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|o i 3 i . | Parallel Workers # 0

Save Load Quit
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Data Directory
ta X
Participants
Sub_003 File Prefix:  ROISign
Fie Suffi:  .mat
Method: | corr Method Parameter:
ROl Indices: 1567 1568 RtoZ | | Apply R to Z Scaling Factor
her Order Averaging
oL i 3 'l . Parallel Workers #
save Load Quit Run
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Q
NetworkMatrix_Sub_001.mat

+ %) NetworkMatrix_Sub_003.mat

NetworkMatrix ¢ |
[ 142x142 double
1 2 3 4 s 6 7 8
1 0 03808 -0.0665 -0.2055 00265 07184  0.2271  0.0688
2 03808 0 04560 00414 03182 02871 03763  0.4049
3 -0.0665  0.4560 0 01409 01504 -02609  0.4839  0.4664
4 -02055 00414  0.1409 0 03371 01701 01304 02647
5 0025 03182 01504 03371 0 01965 02151 03152
6 07184 02871 -02609 01701  0.1965 0 00306  0.1071
7 02271 03763 04839 01304 02151 -0.0306 0 03972
8 00688 040490 04664 02647 03152 01071 03972 0
9 00252 -00403 -0.1539 00665 00747 01261 -0.0139  0.1229
10 -02456 -0.1639 -0.0784  0.1855 00453 -01137 -0.0272 01743
11 00546 00464 00016 03208 00226 01554 01338  0.1545
12 04150 03762 02400 -0.4077 -0.1449 00243  0.0613 -0.0321
13 00070 04546 06810  0.1862 01966 -00803  0.6975 05613
14 00944 0279 02416 04537 02947 02755  0.4109 04345
15 02694 00252 -0.1349 02446 00843 03392 -0.0746 -0.0842
16 00391 00880 02347 -0.0042 -0.1820 -01710 01231 01781
17 00828 01335 01360 05745 02534 03107 03065 05819
18 01050 00804 -0.0766  0.1618 00126 02546 -0.1544 -03051
19 00033 03864 08343 03632 02281 -01787  0.5004  0.4873
20 -0.0871 01744 01664 04512 05392 01744 02933  0.1356
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[ ] DPABINet_GTA

DPABINet Graph Theoretical Analysis

Dta Diract
ITraAION /Data_Trai D
PACIRATS
Sub_003 File Prefix:  NetworkMati
File Suffix: mat

Sparsity Range for AUC: 0.1 0.11 0.12

Network Weighting Method:  Weighted Random Times; 100

Output Directory: X X '

Parallel Workers # o Save Load Quit Run

0.01:0.01:0.5 (Or called Density Range)
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DPABINet Graph Theoretical Analysis
Data Directory
TraAlOn Data Tra o -

Participants

b,\) File Prefix: ~ NetworkMatr

File Suffix: .mat.
Sparsity Range:  [0.01  0.02 0. Sparsity Range for AUC: 01 011 012
Nt aing v [ERNTCTIETN | rendam Tines 100
Binarized
Output Directory: X X '
Parallel Workers # o Save Load Quit Run
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Data Directory
TraAl0 eDeta
Participants
o008 File Preix.  Networkiat
File Suffix: mat

Sparsiy Range:  [0.01  0.02 0. ‘Sparsity Range for AUC: 01 011 o012
Network Weighting Method:  Weighted Random Times: 100

| Output Diecory: : |
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DPABINet Graph Theoretical Analysis
Data Directory
(Online/TraAUA TraWork/Gourse/Data Tranni =

Particioants
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point and error bar denote the mean and standard deviation at each density level,

01 o011 o2
respectively. Asterisks indicate a significant difference at this density threshold. (c) | EECH)REEETE I

Group diflerences in efficiency, degree and betwoonness at the nodal level
Insignificant nodes are shown as graen sphars, whareas bue (MDD < NC) and red Random Times: 100
(MDD > NC) sphoros dancts significant diferoncs anor FBIIGBHGENGH Tho sizo of

reflects the effect si “p<001 IEST/DemoData_DPABINet/StatsDemoftest

Parallel Workers # o Save Load Quit Run

0.1:0.01:0.34
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Data Directory
(Online/TraAl TraWork/Course/Data_Trainni D
Particpants
Sub_003 File Prefix:  NetworkMat
File Suffi: mat
Sparsity Range:  [0.01  0.02  o. Sparsty RangeforAUC:  [0.1 0.1 0.12
Network Weighting Method:  Weighted Random Times: 100
Output Directory: X /DemoData_DF A
Parallel Workers # o Save Load Quit Run
For Gamma, Lambda and Sigma
28
Name & Value
[ Assortativity_AUC 0.0490
[ AssortativitySet 1x50 double
[ Betweenness_AUC 1x142 double
[ GTA_s9-2-0001.mat £F BetweennessSet 1x50x142 double
L ClusteringCoefficient_AUC 0.0512
£H ClusteringCoefficientSet 1x50x142 double
Cp_AUC 0.0528
£ Cpset 1x50 double
£ Degree_AUC 1x142 double
[ DegreeSet 1x50x142 double
[ Deltasparsity 0.0100
£ Eglob_AUC 0.0596
[ EglobSet 1x50 double
|1 EigenvectorCentrality_AUC 1x142 double
[ EigenvectorCentralitySet 1x50x142 double
£ Eloc_AUC 0.0884
[ Elocset 1x50 double
£ Gamma_AuC 0.4825
{1 Gammaset 1x50 double
[H Lambda_AUC .
5 LambdaSet 1x50 double
tH Lp_AUC 2.7984
1] LpSet 1x50 double
[ MaxSparsity 0.7089
£ Modularity_AUC 0.0926
[ Modularityset 1x50 double
££ NodalEfficiency_AUC 1x142 double
[ NodalEfficiencySet 1x50x142 double
(£ PageRankCentrality_AUC 1x142 double
£F PageRankCentralitySet 1x50x142 double
L ParticipantCoefficient_AUC 1x142 double
[t ParticipantCoefficientset 1x50x142 double
[ Sigma_AUC 0.4745
L sigmaSet 1x50 double
[t sparsityRange 50x1 double
£E SubgraphCentrality_AUC 1x142 double
[ SubgraphCentralitySet 1x50x142 double 30
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C Table 1 | Topological properties of brain graphs examined in the
(0] current stucy.

Topological properties Descriptions.
GLOBAL TOPOLOGICAL PROPERTIES
Local efficiency The average efficiency of information

transfer over a node’s direct neighbors

Global efficiency “The efficiency of information transfer
through the entire graph

Clustering coefficient The average interconnectedness of a
node’s direct neighbors

Characteristic shortest The average shortest path length between
path length any pairs of nodes

Normalized clustering The clustering coefficient compared to
coefficient matched random networks

Normalized characteristic  The characteristic shortest path length
shortest path length compared to matched random networks

Smallworldness The normalized clustering coeflicient
divided by the normalized characteristic
shortest path length, which reflect the
balance of global efficiency and local
efficiency

Yan et al., 2013. Assortativity
Front Hum Neurosci.

The tendency of nodes to link with those
nodes with similar number of edges.

Modularity The extent to which a graph can be
segregated into densely intraconnected but 31
Rarsel module;
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Chao-Gan YAN, Ph.D. Ctosmtan |
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The R-fMRI Lab
ﬁ The R-fMRI Journal Club

International Big-Data Center for Depression Research
Official Account: RFMRILab
~

Institute of Psychology, Chinese Academy of Sciences

http://rfimri.org/Course
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Computational Methodolog

REGIONAL TOPOLOGICAL PROPERTIES
Degree centrality The number (or sum of weights) of
connections connected directly to a node

Nodal efficiency The efficiency of information transfer over a
node's direct neighbors

Nodal clustering The interconnectedness of a node’s direct
coefficient neighbors
Subgraph centrality The participation of a node in all subgraphs

comprised in a graph

Betweenness centrality The influences of a node over information
flow between other nodes

Eigenvector centrality A selfreferential measure of centrality —
nodes have high eigenvector centrality if
they connect to other nodes that have high
eigenvector centrality

Yan et al., 2013.
Front Hum Neurosci.
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Thanks for your attention!
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