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DICOM to NiFTI converter COMMUNICATION

FreeSurfer Software Suite

FreeSurfer

An open source software suite for processing
and analyzing (human) brain MRI images.

Subcortical Segmentation
Cortical Surface Reconstruction
Cortical Segmentation

2 S « Skullstripping
+ Image Registration

=4

reeView Visualization GUI

« and much more...

oy + Cortical Thickness Estimation
5 « Longitudinal Processing
|+ MRIAnalysis
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Reporting of Resting-State Functional Magnetic
Resonance Imaging Preprocessing Methodologies

Twelve different software packages were used in the 100
studies. Many articles utilized the use of multiple software for
analysis. The most commonly used software was SPM (56%)
followed by DPARSF (29%) and FSL (25%). Other less com-
monly used software included AFNI and various MATLAB
toolboxes, such as the GIFT toolbox and the Conn toolbox.

Yan and Zang, 2010.
Front Syst Neurosci.
Cited: > 3000 times




DPARSF Citations

Cited for more than 3000 times
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DPARSF

Data Organization

ProcessingDemoData.zip

FunRaw

Sub_001
Sub_002
Sub_003

T1Raw

Sub_001
Sub_002

< Functional DICOM data

i ‘ Structural DICOM data

Sub_003

Yan et al., 2016. Neuroinformatics

ESI Top 1% Highly Cited Paper
Cited > 2000 times
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Quality Control
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Statistical Analysis

Statistical Analysis
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DPABI Viewer
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» * Principles & Computational Algorithms
* Methodological Issues

« Applications to Brain Disorders
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Al of the human high
mental functions such as
thinking, emotion and
consciousness rely on brain,
an extremely complex
system (Singer, 1999)

18
ey 2010/1 L0 newsinsiohis-on-brains-inicmal: wirine 20500 hil

18



Resting-State fMRI: Principles

Resting metabolism

Raichle et al., 2010. Trends Cogn Sci 19

19

Resting-State fMRI: Principles

Task

Baseline

iy

Activities in the baseline state (usually resting-state)

=P Noise?

Fox and Raichle, 2007. Nat Rev Neurosci 21

21

Resting-State fMRI: Principles

* Functional networks identified by functional connectivity with

resting-state fMRI (RS-fMRI)

px et al., 2006. PNAS)

DMN (Greicius et al., 2003. PNAS) 23

23

Resting-State fMRI: Principles

Averaged blood flow Conditions. Averaged difference TaSk
l. Images evoked
f ﬁ Visual ixation increases Resting-
— g <5% state energy
g@ - TSN
§
Reading words
There are very
important activities in
Generating verb3 the brain during

resting-state (Fox and

1 ] Raichle, 2007; Zhang
Reltve PET counts and Raichle, 2010)
Raichle et al., 2010. Trends Cogn Sci 5
20

Resting-State fMRI: Principles

« Temporal synchrony of spontaneous fluctuations

Biswal et al., 1995. Magn Reson Med
22

22

Resting-State fMRI: Principles
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Zhang and Raichle, 2010. Nat Rev Neurol

Biswal et al., 2010. PNAS

24
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Resting-State fMRI: Principles

3000

750

0
1995 1997 1999 2001 2003 2005 2007 2009 2011 2013 2015 2017 2019

Figure 1. Number of R-fMRI related studies in PubMed (key
words: “resting+state+fmri”).

Computational Methodology

* Integration approach
* Regional approach

* Graphical approach

Computational Methodology

* Correlation: Temporal synchrony of spontaneous

fluctuations

29

* Resting-State fMRI: Principles

» + Data Analysis: Computational Algorithms
» Data Analysis: Methodological Issues
+ Data Analysis: Computational Platform

» Applications to Brain Disorders

Computational Methodology

Integration approach

* Functional Connectivity

a
* Effective Connectivity: (Friston et al., 2002)

* Hierarchical Clustering: (Cordes et al., 2000;
Salvador et al., 2005)

» Self Organization Map: (Peltier et al., 2003)

Computational Methodology

The “Resting” Brain

Courtesy of Dr. Daniel Marguties




Computational Methodology

Correlate
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Computational Methodology

* Independent Component Analysis
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Computational Methodology
Directionality
#
Association
(undirected network)
Directionality
Causality
(directed network)
35
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Computational Methodology

¢ Correlation
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Zhang and Raichle, 2010. Nat Rev Neurol
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Computational Methodology

* Voxel-mirrored homotopic connectivity (VMHC)

@@@@@0 @@@000

Gee et al.,, 2011 Zuo et al., 2010

34

34

Computational Methodology

Directionality

« Statistical techniques
« Structural Equation Modeling (McIntosh and Gonzalez-Lima, 1994)
* Dynamic Causal Modeling (Friston et al., 2003)
« Granger Causality Analysis (GCA) (Granger, 1969; Goebel et al., 2003)

« Lesion studies
* Brain stimulation

Craddock, , Yan et al., 2013. Nat Methods 36
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Yan et
al., 2011.
PLoS
ONE
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Computational Methodology

Yan et
al,, 2011.
PLoS
ONE
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Computational Methodology

Regional Homogeneity (ReHo)

Similarity or coherence of the time courses
within a functional cluster

W=

1 3
12 (Zang et al., 2004)

41

Yan et
al., 2011.
PLoS
ONE

38

38

Computational Methodology

Regional approach

“Integrative” is really good, but:

Decreased

functional connectivity

Question: I[sA, B, C, or...... abnormal?
40

40

Computational Methodology

ReHo: motor task state vs. pure resting state

: N B Rest > Motor
%29

a) Higher ReHo in bilateral primary motor cortices
during motor task

b) Higher ReHo in default mode network (PCC,

MPFC, IPL) during rest (Raichle et al., 2001; Greicius et al.,
2003)

Motor > Rest

(Zang et al., 2004) 42
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Computational Methodology

Amplitude of low frequency fluctuations
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Computational Methodology
Improvement: fractional ALFF
Suprasellar
cistern o
-, | e
L w | i
M&JVJ Il
el T el 5
Zou et al., 2008. J Neurosci Methods
45
Computational Methodology
Graphical approach
* Graph theoretical analysis: (Salvador et al., 2005,
Bullmore and Sporns, 2009)
* Degree connectivity, functional connectivity
density, degree centrality: (Buckner et al., 2009;
Tomasi et al., 2010; Cole et al., 2010; Zuo et al.,
2012)
47

47

Computational Methodology

ALFF

PET
(Raichle et al., 2001)

ALFF
(Zang et al., 2007)

noise

44
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Computational Methodology

Improvement: fractional ALFF

Boy group

fALFF

ALFF

Adult group

fALFF

z=-20 z=-8 Z=+12 Z=+20 Z=+24 Z=+32
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Zou et al.; 2008, J Neurosci Methods
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Computational Methodology

Graph theoretical analysis

Anstomical parcelation ‘ Recordingstes

\ Time series data
@ levelpunate
N =
— st
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Histologicalor
imaging data

Bullmore and
Sporns, 2009

Gaph theoretialanlyss
48
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Computational Methodology

Graph theoretical analysis

Regular Small-world

Node: brain region
Link: connection

PO e =
Increasing randomness

Watts and Strogatz, 1998. Nature

Small-world networks contain

Regular: Small-world: Random: :
high G high Cp low Cp many local links and a few
hiéh Ls low Lp low Lp long-distance links (so-called

“shortcuts™).

Cp: average clustering of a network
Lp: average shortest path length of a network 49

49

Computational Methodology

Degree centrality

2eRecee

Zuo et al., 2011. Cereb Cortex 51

Cole et al., 2010. Neuroimage

51

Computational Methodology

Dynamic perspective
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Margulies et al., 2009. PNAS

Yang, , Yan, Milham, 2014. Neuroimage 53

53

Computational Methodology

Graph theoretical analysis

Hub

Module

Yan et al., 2011. PLoS ONE

50

Computational Methodology

Dynamic perspective

VM o

Chang and Glover, 2010.
Neuroimage

Kang, , Yan et al., 2011. )
Neuroimage Allen et al., 2013.
Cereb Cortex 52

52

Computational Methodology

A Growing Range of R-fMRI Indices for
Intrinsic Brain Function

@ Voxel strength: ALEF/fALFF
Regional synchronization: ReHo
@ Homotopic connectivity: VMHC

Global connectivity: Degree Centrality

Global Signal Correlation

54
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Computational Methodology

Concordance Among Indices of Intrinsic Brain Function
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55

Yan et al., 2017. Science Bulletin
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* Resting-State fMRI: Principles

« Data Analysis: Computational Algorithms
» « Data Analysis: Methodological Issues

« Data Analysis: Computational Platform

« Applications to Brain Disorders

57
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Methodological Issues: Head Motion

EEo e 0
3 o
z 50 100 150 200 250

Power et al, 2012. Neuroimage
Van Dijk et al, 2012. Neuroimage

Head motion is a critical factor in R-fMRI data processing.
Need an effective motion correction strategy!

59

59

Computational Methodology

56

Yan et al., 2017. Science Bulletin

56

Methodological Issues

* Head motion Yan et al., 2013a. Neuroimage

Yan et al., 2013. Front Hum Neurosci

» Standardization Yan et al,, 2013b. Neuroimage

* Multiple-comparison correction  Chen, Lu, Yan®, 2017. Human Brain
Mapping

* And many many more...

58

58

Methodological Issues: Head Motion

= Proposed an effective head
@* Owo” % T motion correction strategy

&5 » Individual-level correction
&‘ﬁ, '”"m’“““ ﬁ i with the Friston-24 model
» Group-level correction with

head motion covariate

1A A4 g 'OM 00“"

» Cited: 1303 times
» ESI Top 0.1% highly cited paper

Yan et al., 2013a. Neuroimage

60

60
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Methodological Issues: Standardization Methodological Issues: Standardization
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Wang et al., 2023. Neuroimage Extreme case: Sex confounds with sites. Wang et al., 2023. Neuroimage
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Evaluation Process Application Guidance

s oA Py

's;;;;:g = ResiduntSho
— @ @ Harmonieston e Summary
> Identifiability
%w » SMA performs the best overall.
> We provide a heuristic formula to assist
N choose target site when applying SMA to
' ST pemotaen @ harmonize
ox fi= oo \
I Rosidual St @ > We have opened our data and codes, and
pmmmenn) L= easy-to-use module specialized for
o s Pt @ harmonization shall be implemented in the
155 i e . mmm * = - next release of DPABI, including SMA,
= CovBat, ComBat and ICVAE etc.
= > Together with the replication and
corm-swu [Extrome case: s and sie confoundsd validation efforts from other researchers,
108 fomates rop-Cantridge cp-Bsing we hope this work would encourage better
sort | Pl s harmonization methods and  reach
Q Q Q consensus for the field.
Wang et al., 2023. Neuroimage 65 Wang et al., 2023. Neuroimage 66

65 66



The last 15 years of fMRI research
might be totally useless.

Due to the recent discovery.of-an fMRI bug,
about 40,000 papers on brain research

may now beinvalid.
Eklund et al., 2016. PNAS

67

producibility and Multiple Comparison
Correction

Multiple Comparisons

Gaussian Random Field Theory Correction

Monte Carlo simulations (AlphaSim)

69

69

Reproducibility and Multiple Comparison Correction

Permutation Test
Permutations
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p-value

Test statistic

Winkler et al., 2016. Neuroimage
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71

1-0.05=D0.96.05 = 0.95 - 0.05 = 01950.05 = 0195005 = 0.95 68

68

Reproducibility and Multiple Comparison Correction
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Fig. 1. Results for one-sample t test, showing estimated FWE rates for (4) Beijing and (8) Cambridge data analyzed with 6 mm of smoothing and four

ifrert sty pracigms 81,82 5, andE2, o M. 5L AFNL o perutaton . Thes st e fr s rau e of20.The etmsed FE s
the number of

s daTing e (T of P 803 and 8 PWE vt treinos o1 = 00 cuner vt i COT of - 6001 o 8 PWE o bcte

threshold of P = 005, and voxel DT s P= 0,001 in SPM and P = 0.01 i FSL (AFNI

does not have a default setting).

Eklund et al., 2016. PNAS 70

70

Reproducibility and Multiple Comparison Correction

Threshold-Free Cluster Enhancement (TFCE)

original
signal

_TFCE
enhancement

Fig. 1. Tustration of the TFCE approach. Left: the TFCE score at voxel p is given by the sum of the scores of all incremental supporting sections (one such is
shown as the dark-grey band) within the area of “support” of p (light grey). The score for cach section is a simple function of ts height A and extent e. Right:
example input image and TFCE-enhanced output. The input contains a focal, high signal, a much more spatially extended, lower, signal and a pair of overlapping
signals of intermediate extent and height. The TFCE output has the same maximal values for all three cases, and preserves the distinct local maxima in the third
case.

Smith et al., 2009. Neuroimage 7

72
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Family wise Error Rate

60 P<0.01 (2>2.33) & P<0.05 B P<002(2>233) & P<0.05
© Bl P<0.005(2>258)&P<0.05 T WM P<0.01(2>258)& P<0.05
2 W P0001(25309)8P<005 2 W P<0.002(2>309) & P<0.05
1S B P<0.0005 (2-3.29)& P<0.05 (O MM P<0.001 (2>329) & P<0.05
© W P001(2>233)&P<0.025  Q TFCE
S W P<0.005(2>258) & P<0.025 = B VOX

P<0.001(2>3.09) & P<0.025 ~ —— Expected
40 P<0.0005 (2>3.29) & P<0.025 95% CI

20

Family Wise Error Rate (%)

U

m i RE P R
oePr8 papre! & f

Different Multiple Comparison Correction Strategies

20 vs. 20 Permutation 1000 times

Chen, Lu, Yan®, 2018. Human Brain Mapping ?
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Family wise Error Rate

TABLE Il. FWER under correction of three kinds of cluster-based correction with the strictest threshold, 6 versions of PT-based correction as well
as FDR correction

FWER
Cluster ALFE fALFF  ReHo DC  VMHC  ALFF (8 mm
Voxel threshold threshold ALFF  ALFF ReHo  DC  VMHC withGSR withGSR with GSR with GSR with GSR  smoothed)
Smoothness 794% 734X 936X 78X 631X 79X  7RX 924X 806X 611X 1188 %
(mm, xxyxz) 731X 742X 872X 797X 687X 731X 741X  BS%6X  BI6X 661X 1153 X
720 8% 781 66l 719 18 o 3
ATNI 3CHustSim P < 00005 P<0025 6% 73%  B5%  60% 66% 5% 65% 4%
(one-tailed) @>329)
DPABI Alphasim 79% 8%  85%  102% 90% 7% 78% 83% 96% 69%
led)
led) 59% 51% 64% 4%
G s G 5 =TT % g
correction @>23)
(wo-ailed)  P<001 P<00s 53 38% 459 54%
2>25%)
p<oon p<00s 5% 50% 51%
2309
P<0001 P<005
(2>329)
PT TRCE 5 5
PT VOX 6 .
FDR correction 4 3
The smoothness in the second row is the estimated effective smoothness of the final metric maps feed to statistical analysis, and was different form the applied smoothness

(4 mm FWHM) in pre-processing, The effective smoothness was used in 3 versions of cluster-based correction (i, GRF theory correction, AFNI 3dClustSim and DPABI
Alphasim)

20 vs. 20 Permutation 1000 times

75

Chen, Lu, Yan®, 2018. Human Brain Mapping

75

Test-retest Reliability

TABLE Ill. Test-retest reliability of sex differences for all R-fMRI metrics with and without GSR under correction of
three kinds of cluster-based correction with the strictest threshold, six kinds of PT-based correction and FDR cor-
rection, calculated between the first and second sessions in the CORR dataset

Test-retest reliability (dice coefficient)

Cluster ALFF  fALFF  ReHo DC VMHC
Voxel threshold threshold ALFE fALFF ReHo DC VMHC with GSR with GSR with GSR with GSR with GSR

AFNI 3dClustSim P < 0.0005 P<0025 065 051 050 034 039 064 048 044 028 024
(one-tailed) (Z>329)
DPABI AlphaSim 065 051 049 034 039 064 048 045 027 027
(one-tailed)
GREF (one-tailed) 064 051 050 035 039 065 048 043 028 024
PT cluster extent P <0.02 P<005 065 070 056 045 040 062 068 045 0.30 040
correction (Z2>233)
(two-tailed)  P<0.01 P<005 067 066 052 032 033 060 063 046 027 032
(2>258)
P<0.002 P<005 063 055 051 036 038 063 052 047 023 032
(2>3.09)
P <0001 P<005 064 051 048 037 038 064 048 044 028 026
PT TFCE 068 075 054 048 044 066 074 044 031 042
FDR correction 064 067 054 039 037 063 064 047 023 029

For test-retest reliability for all the 31 kinds of multiple comparison correction strategies, please see Supporting Information Table S13
> Moderate test-retest reliability
> ALFF, fALFF, ReHo are better than DC and VMHC .
> ’ 212Mvs. 208 F X 21t
Chen, Lu, Yan*, 2018. Human Brain Mapping VS mes 77

Family wise Error Rate

TABLE I. FWER and cluster size of ALFF (smoothness: 7.94 x 7.31 X 6.86) without GSR under corrections of GRF
Theory, AFNI 3dClustSim, and DPABI AlphaSim

(One-tailed twice) AFNI 3dClustSim DPABI AlphaSim GRF
Voxel threshold Cluster threshold FWER Cluster size FWER Cluster size FWER Cluster size
P<001(Z>233) P<005 40.0% 66.05+0.73 483% 6024+ 1.68 36.5% 6935+ 1.09
P <0.005 (Z>2.58) P<005 4359042 34.9% 39.45+1.13 245% 4670%0.75
P <0001 (Z>3.09) P<005 19.98+034 158% 18.40 +0.61 10.6% 2129+046
P <0.0005 (Z>3.29) P<005 453 +0.25 125% 1393+0.54 82% 1582+ 0.39
P <001 (Z>233) P<0025 7450+ 1.14 39.0% 67.72+2.36 27.7% 7896+ 124
P <0.005 (Z>2.58) P <0025 47.010.59 27.1% 4448160 18.3% 5348+ 0.85
P <0001 (Z>3.09) P<0025 2263+0.25 106% 21.00+0.87 68% 2494+ 041
P <0.0005 (Z>3.29) P<0025 1733022 79% 16.03 +071 51% 1851050

20 vs. 20 Permutation 1000 times

Chen, Lu, Yan®, 2018. Human Brain Mapping
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Test-retest Reliability

V1: significant
Voveriap| voxels in test

Test-retest reliability

Sex differences in test and retest
Time T1 Time T2

V2: significant
voxels in retest

Voverlap: Voxels

2 X Vovertap iani i
. _— Dice = —__“everlap significant in both
Statistical significant voxels Vi +V, test and retest

Chen, Lu, Yan®, 2018. Human Brain Mapping
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Sample Size Matters

A
0.6-
0.4
0.2
]
H oo 100 150 200
2 Sample Size
Randomly draw k e B
subjects from the 06
“SWU 47 site in the 04
CORR dataset, which
has two sessions of 116 02
males and 105 females ool
50 100 150 200
02 Sample Size
C
150 150 200
Chen, Lu, Yan", 2018. Human Brain Mapping Sample Size 79
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Permutation Test with TFCE

Covaste images Tt Covetes

) PALM Setting

Gustefoming o @

@ e

Integrated from PALM
(Winkler et al. 2016. Neuroimage)

Yan* et al., 2016. Neuroinformatics

ESI Top 0.1% highly cited (>2000 times)
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81

The R-fMRI Maps Project

Shared data of 4770 subjects:
Amplitude of low frequency fluctuations (ALFF)
. Fractional ALFF (fALFF)
. Regional Homogeneity (ReHo)
. Voxel-mirrored homotopic connectivity (VMHC)
Degree Centrality (DC)
. Functional Connectivity Matrices
a. Automated Anatomical Labeling (AAL) atlas
b. Harvard-Oxford atlas
c. Craddock’s clustering 200 ROIs
d. Zalesky’s random parcelations
e. Dosenbach’s 160 functional ROls
In addition, gray matter, white matter and CSF
density and volume files were shared

CUAWNS

Downloaded by
593 researchers

83

83

Reproducibility of R-fMRI Metrics on the Impact of Different

Strategies for Multiple Comparison Correction and Sample Sizes

* Permutation test with TFCE reached the best balance between FWER and
reproducibility

* Although R-fMRI indices attained moderate reliabilities, they replicated
poorly in distinct datasets (replicability < 0.3 for between-subject sex
differences, < 0.5 for within-subject EOEC differences)

* For studies examining effect sizes similar to or even less than those of sex
differences, results from a sample size <80 (40 per group) should be
considered preliminary, given their low reliability (< 0.23), sensitivity (<
0.02) and PPV (< 0.26).

» Cited 242 times
» ESI Top 1% highly cited
Chen, Lu, Yan', 2018. Human Brain Mapping 80

80

The R-fMRI Maps Project

Data Contributor Brain Imaging Data Sharing Platform o0 pocearenerd

TS Q{@

Data acquisition %,
z 0#° Standardized processed resuls !
vd
Data acquisition Central server,
The R-fMRI Maps Project ) A ep°
S
Data acquisition

High-Performance Computer at IPCAS

Part of the Human Brain Data Sharing Initiative (HBDSI), IPCAS

82
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+ Resting-State fMRI: Principles

+ Data Analysis: Computational Algorithms

+ Data Analysis: Methodological Issues
» + Data Analysis: Computational Platform

* Applications to Brain Disorders

84

84
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RESIEMLARYELEY S

romtles r
SvSTEMm:

Slice timing correction Realignment

DPARSF: a MATLAB toolbox for “pipeline” data ana\vsus of

resting-state fMRI

Yan and Zang, 2010. Front Co-registration
Syst Neurosci. ¢

HEBEIEE; FFEEHES

Cited: >3000 times - ___. F

T g MRIAL
DPARSF: ik e el EHH: &

SAMRISEEL | %%,
b , — %, 5

Registration!

3 (ESEa e Cal
3 [——
z 3= B 8 2 HERRE o T3
; - g*%
85
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> ¥4 DPARSF
It RITAE, #513118)K
3= R §is
k&) (3351130300
L (35137500
ZELLRKIE (#35]24220)
> ALIBFRIZE
> B o
> ABBEZF

Yan* et al., 2016. Neuroinformatics
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DPARSF

Data Organization

ProcessingDemoData.zip

FunRaw

Sub_001
Sub_002
Sub_003

T1Raw
Sub_001
Sub_002
Sub_003

Functional DICOM data

Structural DICOM data

89
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sEAL

CCOMMUNICATION

Heponmg of Resting-State Funct:onal Magnetlc
Imaging F Mett

Syed Hamza Weheed! Sacedeh Mirbagher? Srui Agarwal? Arash Kamaif”
in Yahyavi Fitouz-Abadi? Ammar Chaudhry? Mchael DiGianvitor
Sachin K. Guiar” Jay J. Pila®" and Haris | Sair*"

Twelve different software packages were used in the 100 \
studies. Many articles utilized the use of multiple software for Haris |. Sair
analysis. The most commonly used software was SPM (56%) 4/ el BT
followed by DPARSF (29%) and FSL (25%). Other less com- L BUEHAT
monly used software included AFNI and various MATLAB
toolboxes, such as the GIFT toolbox and the Conn toolbox.

12MREIRIEREE. . SERSR SHIRIERSPM (56%) ,
SRIERDPARSF (29%) FIFSL (25%) ...

»

RESEARCH ARTICLE WILEY

Estimation of vocational aptitudes using functional brain

networks
Yal-Wan Sung? | Yousuke Kawachit | UkSu Chai2 & | Dachun Kang? |
CHiiro Abe! | Yuli Otom! | Seif Ogawa’

pants, we used the data processing assistant for a part of resting-state

fMRI preprocessing software known as DPABI (Chao-Gan & Yu-Feng,

2010; Yan et al, 2016)| The preprocessing included siice-scan time cor- Seiji Ogaﬂ;va A
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. et ety S
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Yan et al., 2016. Neuroinformatics

ESI Top 0.01% Highly Cited Paper
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Quality Control

le €At View Insert Tools Desktop Window Help
hbeas » ans s
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DPABI Viewer

600 DPABI_VIEW
Brain Images
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Quality Control

e 0n Quality Control
— Working Stan Drectory

— Funimg

Userdefined

o |

QC: Raw T1

QC: Raw Fun

QC: Normalization

Thresnold QC Score

‘Generate Group Masks

Thresnold Coverage

Maton Report

Threshold Mation
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Statistical Analysis

eo0o Statistical Analysis
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DPABI Viewer

800 Overlay List
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DPABI Viewer

806 DPABI_VIEW
Brain mages
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DPABISurf
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Standardization
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Statistal Anaysis

VNG Viwer with DPABISu Docker

Yan et al., 2021. Science Bulletin
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DPABINet

. DPABINet

° DPABINet Construction
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DPABISurf
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DPABISur 1.08¢ta DPARSF Advanced Edition

Temporal Dynamic Andlysis DPARSF Basic Edition

Quaty Control
DPARSF for Monkey Data.
Standardization
DPARSF for Rat Data
Statitial Analysis
Preprocessing for Task fMRI Data
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DPABINet

Statistical Analysis
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DPABINet
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DPABIFiber
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DPABIFiber

ADC (MD) TBSS
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DPABIFiber

AFQ
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DPABIFiber

Structural Connectivity

Functional Connectivity

b

8

Lo Brain Parcellation

GMEEREST ) O

Structure-Function Goupling

—
30noo suEenS

Region 400
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Regional SC (Rank)

Regional FG (Rank)
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Further Help

The R-fMRI Course V3.0

Chao-Gan YAN, Ph.D. o |
PR

® O rE——

yeg.yan@gmail.com

http://rfmri.org

The R-fMRI Lab
International Big-Data Center for Depression Research
itute of Psychology, Chinese Academy of Sciences

http://rfimri.org/wiki

€2 ] The R-MRI Journal Club
Douyy;

Official Account: RFMRILab

http://rfimri.org/Course

m

111

FEEIMERIR

ARE YOU SURE YOU WANT TO JOIN THE GROUP
DPABI/DPABISURF/DPARSFIlR SRR (RHEIF) ?

ERTERR

5 Fram
GHES, ERBTAR, RENT, WEASDRR, BY:
b S Lam
e R o frmatonsost s formas
» R T ————
[ T
http://edu.deepbrain.com/
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Future Directions

* R-fMRI methodology

* Mechanism of R-fMRI: electrophysiology/fMRI
recording

* Modulation and intervention: medication and
brain stimulation

* Application to brain disorders

110

110

FEEIMERIR

@ Taling casogue | FEMER x -+

A Not Secure | edu.despbrain.comy

TRAINING CATALOGUE

Course category \/

DPABI/DPABISURF/DPARSF I DPABINET [DPABISURFI
EREMRE (RMR) HERIRIE (FRESS:2HR)

http://edu.deepbrain.com/
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The R-fMRI Lab

WeChat Official Account: RFMRILab

WA nrfmriorg2 N4 2, A\ The R-fMRI Journal Clubfi {5 #f
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The DIRECT consortium and
the REST-meta-MDD project:

towards neuroimaging biomarkers of
major depressive disorder

=ik
Chao-Gan Yan, Ph.D.

yancg@psych.ac.cn
http://rfmri.org/yan

Institute of Psychology, Chinese Academy of Sciences 4

Introduction of DIRECT

DIRECT Phase | Research Output

DIRECT Phase Il Research Progress

DIRECT Phase lll Research Plan

-0

Global Healt isis: MDD

THE LANCET Login
Mental health for all: a global goal

HolenFrarkish (2. ll Boyen - RicvardHoron

Publshed:Ocober 9, 2018+ DO i/ org/0L0G/SILO STSEAB2TTL 2

“Black Dog” 00

> Over 300 million MDD patients
worldwide z

» Prevalence in China: 3.4%

» Most heavily burdened disorder

> Potential suicide risk o

A ean)

Frankish, et al., 2018. Lancet. GBD, 2017. Lancet. Whiteford et al., 2013. Lancet. WHO 3

3

BDNF?

- I H E I I:“Structural MRI?|

P=| The ICD-10
Classification
MENTAL DISORDERS of Mental and
Behavioural
\ |Disorders

DIAGNOSTIC AND STATISTICAL
MANUAL OF

IFTH EDITION

DSM-5
J

The current diagnostic criteria for MDD are mainly
based on symptoms, calling for objective biomarkers

Ogquendo et al., 2014. Depress Anxiety 4

4

fMRI Studies on MDD

ANALYSIS | ANALYSIS

Power failure: why small sample Scanning the horizon: towards
size undermines the reliability of transparent and reproducible
neuroscience neuroimaging research

Katherine . Button'? John P. A. loannidi', Clare Mokrysz), Brin A. Nose',
Jonathan Fin, Emma S..J. Robinson® and Marcus R. Munafo!

Button et al., 2013. Nat Rev Neurosci

ussell A, Poldrack!, Chis . Baker’, oke Durnez”, KrzystolJ. Gorgolewsh!

Poldrack et al., 2017. Nat Rev Neurosci

» Small sample size and restricted power
» Flexibility in data analysis and inconsistent findings
» Inappropriate statistical thresholding leads to high

false positive rates

Not a suitable biomarker for MDD now!




Sample Size

A
_ I

Sample size matters Samplo Sizo
Between-subject designed study os B

cannot get reliable results if its
sample size is less than 80

o 50 100 150 200

Sample Size

-0.2:

Cc
T T 2o

. ) . Sample Size

Chen, Lu, Yan®, 2018. Human Brain Mapping 7

7

DIRECT I: R meta-MDD Project

Started a consortium for big data sharing on

. . . HAR
MDD. Connected by the preprocessing pipeline, SERLE MDD | NC
. . 513 513
DPARSF, cited for > 5000 times 5 Toe
7
FIT i)
[ER T
itﬁ!*#%fﬂiﬁ, 1m 0
P 1
m‘l/\\*—‘;‘ﬁﬁli 2]
BEDEFDO,
?@*5!‘41&**’5%
EERMESR
7 1
TR
w a9
FEEEMNYR, FEE 7 75
BA¥, ib\Eﬂ*—v 145 3
— o 1300|128
BX¥. ;nﬁNUmm.*
F-Y # REST-meta-MDD consortium contains
% T neuroimaging data of 1,300 depressed
. & 25D e patients and 1,128 normal controls from
e Y group 25 research groups in China, forming the
o poy ¢ g word's largest MDD R-fMRI dataset

Neuroimaging
biomarkers for MDD

Big data of MDD brain
imaging + deep learning

Neural Computational
underpinnings sharing

of MDD platform

Head Standar Multiple :___P_F'EE\_N_OLK___
Motion dization e
Validating fMRI methodology 1

11

Big Data Research is the Future!

Article

vt €2 CONNECTOME

COORDINATION FACILITY

Ado\escenl Brain Cognitive Develnpmenl

THE BRAIN REDEFINED ENIGMA

“ DIRECT Phase | Research Output

@
@

10

Methodological Issues: Head Motion

Head position
(mm)
1
oo
i

Power et al, 2012. Neuroimage
Van Dijk et al, 2012. Neuroimage

Head motion is a critical factor in R-fMRI data processing.
Need an effective motion correction strategy!

12



Methodological Issues: Head Motion

Proposed an effective head
motion correction strategy

b

@x ow - @ Wil
» Individual-level correction
ﬁé& Hih @g with the Friston-24 model
W Ui
@\ ‘ m““ @ » Group-level correction with

@ wmwmmo g 'OM fyur

head motion covariate

» Cited: 1303 times
» ESI Top 0.1% highly cited paper

Yan et al., 2013a. Neuroimage

13

13

Methodological Issues: Standardization

44 T AiTe
444 44144
b dho b

D U W W W -

A /+ & 7- b
Va4
1/ AR A AV
The Impact of Standardization Procedures
on Confound Variables: Site Effects

The Impact of Standardization Procedures
on Variables of Interest: Age Effects

Proposed an effective » Cited: 375 times
standardization strategy > ESI Top 1% highly cited paper

Mean regression + SD division Yan et al., 2013b. Neuroimage

15

15

Reproducibility and Multiple Comparison Correction

Provided guideline for how to
perform multiple comparison
correction for resting-state fMRI,
to best balance family-wise
error rate and reproducibility,
i.e., permutation test with TFCE

Cited: 242 times N
Ranked ESI Top 1% of highly cited papers

o
e

Chen, Lu, Yan', 2018. Human Brain Mapping o 17

17

Methodological Issues: Standardization

Table 1. Faclors can introduce unintended variations in (MR measurement.

Category Factor
e e e T
variations ype (spiral vs. echo planar; single-echo vs. multi-echo) (Kiarhofer et
OB el v comwontons amation (Fahory o . 3010
Lin et al., 2005), col ype (surface vs. volume, number of channels,
arntatn) repation ms, e f tepelios,fp snge scho

Do e e g
il ces/cas s reecrpion) (Friscve and Glover 20060
2 Experimental- T P e P R e
rolated variations | (Yan o e, 2005 Yong ot o 2007 vsualdslays,expermen
duration (Fang et al, 2007 Van Dij ot al, 2011

3 Environment- S SonsSion measinss (Gho.sTa 109 BT araT s
(g

e R e e
4L, 2000; Menon et a., 1997), room temperature and moisture

- s’ c13 (Vanhoutte et al., 2006)
A Q “a @@ @ Cm:ld\sm:yds(sh-mmnvts\ 2012), prandial m.m-m moa)
AR o Sty e
£ (i) = p 5 p- > znm sleepiness / arousal (Horovitz et al., 2008), sleep deprivation
= B DS QD om0 o i i ot 2010
jca ) menstrual cyole status (for

Yan et al., 2013b. Neuroimage

Y Y YY Y
- 2VDOODB
Biswal et al., 2010, PNAS 14

14

Reproducibility and Multiple Comparison Correction

@ CrossMark

Cluster failure: Why fMRI inferences for spatial extent
have inflated false-positive rates

Anders Eklund*®<", Thomas E. Nichols®*, and Hans Knutsson®<

15 years of fMR Ige
be totally useless.

Eklund et al., 2016. PNAS 16

16

Traditional fMRI Preprocessing Toolbox

* Numerous steps and
configurations

« High learning curve

» Big data era of
neuroimaging calls for
new pipelines

FreeSurfer

18



Computational sharing platform for fMRI Peer Evaluatio

° opag Cited by 2136 times, ESI Top 0.01% top cited paper and hot paper
» Incorporating DPARSF =
Prior work, cited 3118 times d”" "o 3% o 0
> Adapting methodological updates h__S =98
Head motion (cited 1303 times)
Standardization (cited 375 times) )
Multiple comparison correction (cited
242 times) _ . ,
» Standardized preprocessing pipeline W w.mv’:
» Statistical toolbox E::;r:rﬁon of vocational aptitudes using functional brain
» Platform for data sharing b i ) Vo K ) (e ] | DS
—
Yan etal. 2016, Neuroinformatcs —_ bttty Seij Ogawa
Corresponding author 19 Inventor of fMRI BOLD 20

19 20

DIRECT I: REST-meta-MDD Project The R-fMRI Maps Project

Started a consortium for big data sharing on e
MDD. Connected by the preprocessing pipeline, | |# SERLE MDD | NC
: B ’ sy | ow
DPARSF, cited for > 5000 times [ [ZmErr R . . .
MR | Data Contributor Brain Imaging Data Sharing Platform - 1515 Rescarchers
R i 7 ¢ o 07 g Storage
& | RAA R KB [ECH ITE) 7‘ )
ERASEAER, &R [s_[wm A7 —ombre o A %,
REER. HEAFHE [ ] W‘ng L o © o
- u ] B 3 %, . SO
;’irig;‘g;:ig [+ RIH DT Data acquisition ", et
L e [EA LETET T ) R [
A B R 3 — 10 3 2 Standardzed proces
ERSHRDEXE i 3 » #
FREMER, 50 2 ¥ &
ER. BEAHER— 13 2 ) ~ ack of locessng
ER, R EIEYH Y 5 14 | PR BRI PR ET) .
Ry EBHHRMDE DD 15 [P B BRI R e
SEEFHER, DEE 16 | b R FE KR s |1 N @ N
B, BREMKS . 17 [ A B TR ITE The R-fMRI Maps Project 2 o~ e
o ZREHAY, LEEN it o0 T N Co
K¥. RRESR, AR NS iy -
e . ZilAY, EEAY, & €
" = P Data acquisition
. 5 - ata acquisitio
E e # REST-meta-MDD consortium contains High-Performance Computer at IPCAS
i A 25 MDD N neuroimaging data of 1,300 depressed
. 2 5 MDD rosearch patients and 1,128 normal controls from
e Y group 25 research groups in China, forming the
= % s gt word's largest MDD R-fMRI dataset i . o
= 21 Part of the Human Brain Data Sharing Initiative (HBDSI), IPCAS
22

21 22

REST-meta-MDD REST-meta-MDD

Sample size Sex
liness Duration Effect
so0 ISR 500 Male Medication Effect
® Recurrent Female A B s For FEDN For All MDDs
Others or unknown Pav: T=1140 B T=1541 C  1=-2600
400 NC 400 o 06
300 300 i 05
200 200 ¥ w 0.4
& o
100 I 100 : o3
o BENan | ul I Ll 0 ) 02
LYY N N e ] B R O O O R 01
é E site C t-osu D resmee E o vezen 00
Age % eeon HAMD 06 Long.  Short. Long Short. FEDN Med.
MDD .
80 r ® Recurrent 05
Ne Others or unknown 04 By addressing the inconsistency of FC pattern
5 ¥ o
60 & 3 Tos . -
i g I in DMN for MDD, we suggest that DMN FC
g0 2 . . N .
> g o1 remains a prime target for understanding the
» Ui 3 FEDN NG Recument NC FEDN Recurrent X . X X .
=8 - pathophysiology of depression, with particular
e relevance to revealing mechanisms of effective
sie
treatments
Yan et al., 2019, PNAS. 23 Yan et al., 2019, PNAS. 24

23 24



REST-meta-MDD REST-meta-MDD

B FEDN MDDs vs. NCs C Recurrent MDDs vs. NCs P -\ AS > Cited 353 times
A AmDDs NG o “"@ @Y” @ ESI Top 1% Highly Cited
@ B DAN SMN
=
@ @ @ Q ENIGMA MDD: seven years of global neuroimaging Lianne Schmaal

subcortical
studies of major depression through worldwide Chair of ENIGMA-MDD
Rocure HDDs vs € On medcaton MDDs s data sharing
T C 1 ot
ENIGMA MDD. Many research institutions in China
VA have shared neuroimaging data from individuals with

depression with the RESTSeta2MDDIEoHSOHu, which
has recently published the first Jarge-seale mega-analysis
on resting state functional MRI data of 1300 depressed
patients and 1128 healthy controls from 25 research
halee e W1 groups in China'>.

e 4 g Do

el =
Hypo-connectivity Hypsr connectivity

Yan et al., 2019, PNAS. 25 Yan, et al., 2019. PNAS 26°

i ENIGMA MDD and REST-meta-MDD consorta vill be
Schmaal et al. 2019. Translational Psychiatry MPOEERE for identifying potential cultural differences in
brain alterations associated with M
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DIRECT Phase | Research Output

Disrupted Dynamic
Functional Brain Networks
in Major Depressive
Disorder: Evidence from A
Multi-site Resting-state
fMRI Study

Yi-ChengLong  Zhe-Ning Liu

Long et al., 2020.
Neuroimage:Clinical

31

DIRECT Phase | Research Output

Disrupted hemispheric connectivity specialization in ventral attention
network and cerebellum in patients with major depressive disorder

[ FEDN
Recurrent

Lol R R RMFG R R R R
SFG mPFC Precentral IFG OFC PG MIG  PHG Posterior
Gyrus Lobe of Uwia

Ding et al., 2021.
J Affect Disord.

Yu-Dan Ding Wen-Bin Guo
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Open Access of REST-meta-MDD Data

http://rfmri.org/REST-meta-MDD

35

35

DIRECT Phase | Research Output

Discovery

Biotypes of major
depressive disorder:
neuroimaging
evidence from
resting-state default
mode network
patterns

Replication

ﬂ Liang et al., 2020.
Neuroimage:Clinical

Su-Gai Liang Tao Li
32
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DIRECT Phase | Research Output

Brain structural alterations in MDD patients with gastrointestinal
symptoms: Evidence from the REST-meta-MDD project

E Liu et al., 2021.

EL Nk Prog Neuropsychopharmacol
Ea =

Biol Psychiatry.
Peng-Hong Liu  Ke-Rang Zhang
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Open Access of REST-meta-MDD Data
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The DIRECT Consortium and the REST-meta-MDD Project

DIRECT

Depression Imaging REsearch ConsorTium

Chen et al., 2022. Psychoradiology 37

37

Chen et al., 2022.
Psychoradiology

Next steps of DIREC

Box 1. Directions for future DIRECT research

(1) What are the differences regarding MDD abnor-
malities in different ethnic groups (e.g. Chinese
vs. Caucasian)? What factors contribute such dif-
ferences (e.g. response styles, thinking styles or
genetic factors?)

(2) To what extent can it help improve the repro-
ducibility of results to transfer preprocessing

ipeli from volume-based hes [i.e.
DPSRSF (Yan & Zang, 2010) and SPM (Ash-
burner, 2012)] to surface-based approaches [e.g.
DPABISurf (Yan et al., 2021) and fMRIPrep (Este-
ban et al., 2019)]?

(3) What are the differences and similarities among
the neuroimaging alterations across different
mental disorders?

(4) What are the longitudinal effects of antidepres-
sant medications on the brain?

(5) What are the white matter alterations in MDD?

(6) Can we guide neuromodulation techniques (e.g.
TMS) through brain network mechanisms we
identified with fMRI?

39

39
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N

4

The impact of traditional neuroimaging methods on
the spatial localization of cortical areas

Timothy S. Coalson®, David C. Van Essen®", and Matthew F. Glasser**"
“Department of Neuroscience, Washington University School of Medicine, St Louis, MO 63110; and 'St Luke's Hospital, . Louis, MO 63017

Contributed by David C. Van Essen, May 17, 2018 (sent for review January 25, 2015; reviewed by Alexander L Cohen, James V. Haxby, and Martin 1. Serenc)

Localizing human brain functions is a long-standing goal in  mapping using y
systems neuroscience. Toward this goal, neuroimaging studies  smoothing to satisfy its underlying assumptions (c.g, ref. ),
have traditionally used volume-based smoothing, registered data  resulting in th loption. of smoothing in brain-
to volume-based standard spaces, and reported results relative o imaging studic: ing has the seductive side effect
volume-based parcellations. A novel 360-area surface-based corti- statistical significance of weak in small

cal parcellation was recently generated using multimodal data
from the Human Connectome Project, and a volume-based version
of this parcellation has frequently been requested for use with
traditional volume-based analyses. However, given the major
methodological differences between traditional volumetric and
Human Connectome Projectstyle processing, the utility and in-
terpretability of such an altered parcellation must first be estab-
lished. i
parcellations and processing them with different methodological
approaches, we show that traditional processing steps, especially
Volume-based smoothing and registration, substantially degrade
cortial area localization compared with surface-based approaches.
We also show that surface-based registration using features
closely tied to cortical areas, rather than to folding pattens alone,
improves the alignment of areas, and that the benefits of high-
‘acquisitins are largely une> ‘aditional volume-
based methods. Quantitatively, we show that the most ct
version of the traditional approach has spatial localization that is
only 35% as good as the best surface-based method as assessed

ot
area fraction” for maximum probabilty maps). Finally, we demon-

represent volume-based group analysis results on the surface,
which has important imlications for the interpretabiliy of stucies,
both past and future, that use these volume-based methods.

ut at the expense of spatial localization precision

(9, 10). Traditionally, smoothed eroup functional activations are

then statisically thresholded and summarized by single 3D co-
i assigned Brodmann’s a

suleal designations. Unfortunately, these

ivations under study (9, 10).
uctions in precision from spatial smoothing and
omy with single 3D

many areal houndaries relative to folds (11, 12)
volume-based methods for aligning cortical areas
actoss much of the cerebral cortex (9). Progress
he functions of brain arcas has been impeded by these
factors, along with the distributed nature of many brain func-
the lack of an accurate map of human cortical areas

Significance

Most human brain-imaging studies have traditionally used
low-resolution images, inaccurate methods of cross-subject

41

The DIRECT Consortium and the REST-meta-MDD Project

Psychoradiology, 2(1), 2022, 32-42

itpsdo rg/10.103peyradkacoos
OXFORD.

REVIEW

The DIRECT consortium and the REST-meta-MDD
project: towards neuroimaging biomarkers of major
depressive disorder

Francisco Xavier Castellanos’*, Li-Ping Cao®, Ning-Xuan Chen®,
Qi-Yong Gong “%5, Wen-Bin Guo'®, Zheng-Jia-Yi Hu??, Li Kuang'/,
Bao-Juan Li'%, Le Li'?, Tao Li?*?!, Tao Lian'??, Yi-Fan Liao’??,

Yan-Song Liu??, Zhe-Ning Liu'®, Jian-Ping Lu?®, Qing-Hua Luo"/,
Hua-Qing Meng", Dai-Hui Peng'?, Jiang Qiu °?%, Yue-Di Shen?,
Tian-Mei Si%, Yan-Qing Tang?”, Chuan-Yue Wang?, Fei Wang?’,
Hua-Ning Wang'8, Kai Wang?, Xiang Wang!6, Ying Wang ®%,

Zi-Han Wang?3, Xiao-Ping Wu?!, Chun-Ming Xie?2, Guang-Rong Xie'¢,
Peng Xie3*3435, Xiu-Feng Xu'?, Hong Yang®, Jian Yang**, Shu-Qiao Yao'®
Yong-Qiang Yu?, Yong-Gui Yuan?, Ke-Rang Zhang?®, Wei Zhang*,
Zhi-Jun Zhang®?, Jun-juan Zhu*!, Xi-Nian Zuo “#243, Jing-Ping Zhao'®,
Yu-Feng Zang?*¥*5, the DIRECT consortium* and Chao-Gan Yan ©1:23456.1

Chen et al., 2022. Psychoradiology

Xiao Chen234, Bin Lu®3, Hui-Xian Li%%, Xue-Ying Li'234, Yu-Wei Wang??,

Wei Chen'?, Yu-Qi Cheng?2, Shi-Xian Cui>*#, Zhao-Yu Deng??, Yi-Ru Fang??,
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e DIRECT Phase Il Research Progress
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Fig. 1. Probabilstic maps for five areas using both MSMAI areal feature-
based surface registration and FNIRT volume alignment, The volume-basec
peak probabilties are all lower than the surface-based probabilties for
these example ares. Each volume-based area i shown on a parasagitta sice
through the peak volumetric probability. See SI Append, Supplementa
Methods 12 and M. Data are avaiable at httpsu/balsawust!edukKOZ.

Coalson et al., 2018. PNAS

42
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Why Surface-based Analysis

_Peak Area Probabilities MPM-Captured Area Fraction

1

Peak Area Probability

Widespread adoption of surface-based approaches has been
slow: the desire to replicate or compare with existing studies that
used the traditional volume-based approach; the relative lack of
“turn-key” tools for running a surface-based analysis; the learning
curve for adopting surface-based analysis methods;
unawareness of the problems with traditional volume-based
analysis; and uncertainty or even skepticism as to how much of a
difference these methodological choices make.

Coalson et al., 2018. PNAS 43

43

DIRECT Phase Il Data

2000+
1660

15004 1341
10004

5004 314

205 |—|
Unipolar HC Bipolar SCZ
DIRECT lI: Surface-based Data Sharing 45

Number of Participants

45

International Collaboration

International Conference on Brain Imaging of Depression

Cross-culture MDD data collection?

47

47

Go to Surface
oABISurt DPABISurf Pipeline

». DPABI e I T —
‘3 Surf — -

Based on fMRIPprep, FreeSurfer, ANTs, FSL, AFNI, PALM,
GNU Parallel, MATLAB, Docker and DPABI.

Yan et al.. 2021. Science Bulletin 44
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DIRECT Phase Il Data
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DIRECT lI: Surface-based Data Sharing 46
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The difference of MDD related changes between Asians and Westerners

With Dr. Lianne Schmaal

Dx_Meta Thickness (DIRECT+ENIGMA: 5417 MDD vs. 6535 NC)

48
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The difference of MDD related changes between Asians and Westerners

M1_Dx_Meta
Thickness

(DIRECT: 1650

MDD vs. 1341 NC)

P

AN
5 S
\ f

With Dr. Lianne Schmaal

M1_Dx_Meta
Thickness

ENIGMA: 3767 )
M(DDvs.5194NC)/ M(\\“" \ -j
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DLPFC FC Pattern in MDD
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tstats
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Functional Gradient in MDD

| == A
A )
&
Dr. Hong Yang etal, @

Unimodal (e.g. Visual network) -> lower gradient-1 -> further decreased in MDD
Transmodal (e.g. DMN) -> higher gradient-1 -> further increased in MDD 53

53

sgACC FC Abnormality in MDD

Group Dwﬂerence With(GSE Without GSR

@J\ @&
: f&w@(/;&% e

tstats
Group Difference Target — —
B t=3.380" c

Dr. Xiao Chen et al.

tvalue

WBD He

50
50
FC Patterns Across Disease
+ ANCOVA: Visual network, .
sensory-motor network, w H
default mood network and s z
limbic network oan H
;
+ Multiple compare: similar «HEEE :
decrease in MDD and BP, s H
DMN. 4

more decrease in SCZ
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S

Or. Zhe-Ning Liu
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Modular Variability in MDD

Surface Tyop-c FDR <0.05, two tailed Subcortex

o

Decude

&St ional Control

>em processes

D performance
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?, responses ot adults
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% cognltlve I

Ciunction 2
Dr. Yan-Song Liu et a. .
MDD group has z
higher global 3

modular variability -
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Functional Stability in MDD

Dr. Xiao-Ping Wu et al.

I~
55
55
DIRECT Phase lll Research Plan
“ DIRECT Individualized Precise TMS Study
“ Brain Mechanism of Antidepressants Study
“ Function/Structure (Fiber) Coupling Study
° Rumination Spontaneous Thought Study
57

57

Stanford accelerated intelligent neuromodulation therapy (SAINT)

Cole et al,. 2020. American Journal of Psychiatry 59

59

DIRECT Phase lll Research Plan

-0

56

56

Stanford accelerated intelligent neuromodulation therapy (SAINT)

FIGURE 1. i i Py
‘approved ITBS protocols®
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Cole et al,. 2020 and 2021. American Journal of Psychiatry 58
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Stanford accelerated intelligent neuromodulation therapy (SAINT)

Cole et al,. 2021. American Journal of Psychiatry 60

60

10



MNI coordinates of our peak subgenual anticorrelation in
the left DLPFC (x = =42, y = 44, z = 30), fall directly between
two peak coordinates we reported previously (x = —44, y =
38,z = 34) and (x = ~38, y = 44, z = 26) (27). The current
coordinates should be considered an update of this previous
work, because the current study used functional connectivity
from 1000 subjects rather than 98. Whether intentionally

Weigand et al., 2018. Biol Psychiatry

Fox et al., 2012; Weigand et al., 2018; Cash et a., 2020. Biol Psychiatry 61

61

lized Precise TMS

M

k: BA46L

Individualization

Raw mean sgACC-FC-
based Target in DIRECT-
MDD
/d

7"\
Raw mean sgACC-FC-

based Target in DIRECT-
HC

Sub-001 Sub-002 Sub-003
Individualized DLPFC Targets

&
o
>

Q)

Target coordinate: center of mass of the ROI
weighted by the values in the individual
regression maps

63

63

Open Data for TMS Targeting and HAMD Improvement

« Justify the targets — correlation between clinical outcome and targeting inaccuracy

* Sample: 16 cocaine-use-disorder participants whose HAMD scores at baseline were above 7

« Clinical outcome: all time HAMD score-reducing-rate during TMS treatment

« Targeting inaccuracy : Euclidean distance between the actual TMS targets and targets
derived from MRI using our algorithms

AcTIVE |\

Groups ACTIVE (TS |

= =
o] [om [on] [ow]
G ]

oUBEBIg
scute phase

Mexico data

S—— | | | |
TlmalanJ T T

T 1
Screening Baseline 2 Weeks 3 Months 6 Months
(T0) (m)

* The correlation was supposed to be negative (The less targeting inaccuracy, the
better clinical outcome)

Eduardo A. Garza-Villarreal and et al. (2021). Biological Psychiatry: Cognitive ience and

65

Algorithm 2. SAINT

clustering
—

Subunit-1 Subunit-2 Subunit-3

clustering

DLPFC, BAd6L Subunit-1  Subunit-2 Subunit-3

Criteria :

1. Correlation density
2. Spatial volume

3. Spatial concentration

Subunit-1 Subunit-2 Subunit-3 )
Quality score: Quality scores] Quality score: Final target
50 0 150 62

Cole et al., 2020. American Journal of Psychiatn)

62

Algorithm 4. DIRECT Difference Map Guided Individualized Precise TMS

BA46L

Individualization

Raw Group-difference- Sub-001 Sub-002  Sub-003
based DLPFC Target » . .
¢.g. brain areas in DLPFC Individualized DLPFC Targets
showed significant different
sgACC seed-based FC
between MDD and HC
subject in DIRECT (REST-
meta-MDD) dataset

Target coordinate: center of mass of the ROI
weighted by the values in the individual
regression maps

64

S Targeting Offset Distance and HAMD Improvement

SAINT Target

Fox-2012 Target

1.00 o e e

0.25-

HAMD Reducing Rate
HAMD Reducing Rate

Target Distance Target Distance

Individualized by Mean sgACC-FC in DIRECT-MDD Individualized by DIRECT Group Difference Target
1.00 o o e 1.00 o e ee
£ o £ o
g g
] T
3 o050 2 050-
i i
a
g o g o
E . r=-039 E . r=-0.49
10 2 30 £ o 10 2 B P}
Target Distance Target Distance
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DIRECT Individualized Precise TMS Study

H SANT e ““

Individualized by
Participants Randomization DIRECT Group TBS MRI

Difference Target
Individualized by
m— VIRI Mean sgACC-FC
in DIRECT-MDD

L. E— |

X2 weeks

DIRECT will support
each participating team

for individualized target
calculation!
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Antidepressants Decrease FC

B FEDN MDDs vs. NCs
DMN VN

C Recurrent MDDs vs. NCs.

. & O
DEAD

All MDDs vs. NCs DMN

FPN

S
e D Recurrent MDDs vs. E On medication MDDs vs.

0% FEDN MDDs FEDN MDDs

L 1 &
Hypo-connectivity  Hyper-connectivity

Yan et al., PNAS, 2019. ESI Top 1% Highly Cited

69

DIRECT IlII: Brain Mechanism of Antidepressants Study

DIRECT Phase lll Research Plan

DIRECT Individualized Precise TMS Study

Brain Mechanism of Antidepressants Study

Function/Structure (Fiber) Coupling Study

Rumination Spontaneous Thought Study

-0

68

68
Antidepressants Decrease FC
.ﬁ 8 weeks medication
Y 2
‘ 7 71T LR N A sk bone i B NODsstzsine . NODsstor ok
o }. é\%’ - entin e HCs voaiments vs. HCS i:
LeLi Tian-Mei Si
Li, et al., 2021. Hum Brain Mapp 70
70

DIRECT Phase lll Research Plan

” DIRECT Individualized Precise TMS Study

a Brain Mechanism of Antidepressants Study

° Function/Structure (Fiber) Coupling Study

° Rumination Spontaneous Thought Study

72

72
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DPABIFiber

Whole Brain Fiber Reconstruction 73

73

DPABIFibe

Structural Connectivity Functional Connectivity

y
23 Brain Parcellation e s
Structural Network Analysis <&
Region 1 l l a;
£ Structure-Function Coupling 2
Region 400 z
Structure-Function
Coupling Analysis e

75

75

DIRECT Phase Ill Research Plan

o DIRECT Individualized Precise TMS Study

a Brain Mechanism of Antidepressants Study

6 Function/Structure (Fiber) Coupling Study

° Rumination Spontaneous Thought Study

7

77

DPABIFiber

Automated Fiber Quantification

74

74

DIRECT IllI: Function/Structure (Fiber) Coupling Study

Data Contributor Brain Imaging Data Sharing Platform o0 pocearenord

o 0 Storage

Data acquisition

!

Special requirements %-
processing resuls

Data acquisition

The R-fMRI Maps Project

Data acquisition
High-Performance Computer at IPCAS
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Rumination Depression
? v .z
Rl : why!
o >
2
EL
wwf

wyl

Rumination is not only a feature, but also a risk factor for depression
78

Koster et al., 2011. Clinical Psychol Rev
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Zhou et al., 2020. Neuroimage.
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Chen et al., 2020. Neuroimage
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Rumination Classification

Mental states prediction on resting-state fMRI data
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Decoding what the brain is thinking

Specific content characteristics

Multiple emotional experiences
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Depression and Rumination

! Core

(Self)
—

Depressive Rumination

Zhou et al., 2020. Neuroimage. (ESI Top 1% Highly Cited)
Chen et al., 2020. Neuroimage &
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Decoding what the brain is thinking

micropl one

\\a‘ ‘ MRI comy

Li et al., 2022, Behavioral Research Methods; Li et al., 2022, Neurolmage 9
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DIRECT Phase lll Research Plan

“ DIRECT Individualized Precise TMS Study

a Brain Mechanism of Antidepressants Study

o Function/Structure (Fiber) Coupling Study

o Rumination Spontaneous Thought Study
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Zhang, Y., Zhao, G., Ge, Y., Shu, Y., Zhang, D., Liu, Y. & Sun, X. (2021). CPED: A Chinese Positive Emotion Database for
Emotion Elicitation and Analysis. IEEE Transactions on Affective Computing, 20, 1-14.
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