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Resting-State fMRI: Principles

All of the human high
mental functions such as
thinking, emotion and
consciousness rely on brain,
an extremely complex
system (Singer, 1999)

hitp://psychoentral.com/news/2010/11/03/new-insights-on-brains-intemal-wiring/20500.htm!

Resting-State fMRI: Principles
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There are very
important activities in
the brain during
resting-state (Fox and
Raichle, 2007; Zhang
and Raichle, 2010)

Raichle et al., 2010. Trends Cogn Sci~ ‘5

Resting-State fMRI: Principles

Rasting matabolism

38%

Raichle et al., 2010. Trends Cogn Sci ! 4

Resting-State fMRI: Principles

Baseline « Traditional fMRI analysis
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Activities in the baseline state (usually resting-state)

Fox and Raichle, 2007. Nat Rev Neurosci® 6




Resting-State fMRI: Principles

» Temporal synchrony of spontaneous fluctuations

Biswal et al., 1995. Magn Reson N. 1!

1/17/2022

Resting-State fMRI: Principles

« Functional networks identified by functional connectivity with
resting-state fMRI (RS-fMRI)
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Resting-State fMRI: Principles
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Zhang and Raichle, 2010. Nat Rev Neurol Biswal et al., 2010. PNAS

Resting-State fMRI: Principles
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Figure 1. Number of R-fMRI related studies in PubMed (kev
words: “resting+state+fmri”).
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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)
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Computational Methodology

« Correlation: Temporal synchrony of spontaneous

fluctuations

Computational Methodology

The “Resting” Brain

Courtesy of Dr. Daniel Margulies
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Correlate
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Computational Methodology

- Correlation
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Zhang and Raichle, 2010. Nat Rev Neurol

Computational Methodology

* Independent Component Analysis
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Computational Methodology

» Voxel-mirrored homotopic connectivity (VMHC)
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Geeetal., 2011 Zuo et al., 2010
19
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Computational Methodology

Directionality
N
Association E%

(undirected network)
Directionality
Causality

(directed network)

Computational Methodology

Directionality
» Statistical techniques
Structural Equation Modeling (MclIntosh 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
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Computational Methodology

Regional approach

“Integrative” is really good, but:

Decreased

functional connectivity

Question: Is A, B, C, or...... abnormal?

1/17/2022

Computational Methodology

Regional Homogeneity (ReHo)

Similarity or coherence of the time courses
within a functional cluster

_ Z(R) = n(RY

|lz KX n* —n)

(Zang etal., 2004) 6

Computational Methodology

ReHo: motor task state vs. pure resting state

N B Rest> Motor
é$ ]

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)

Computational Methodology

Amplitude of low frequency fluctuations
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Computational Methodology
ALFF

PET
(Raichle et al., 2001)

ALFF
(Zang et al., 2007)

noise
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Computational Methodology

Improvement: fractional ALFF
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Computational Methodology

Improvement: fractional ALFF
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Zou et al., 2008. J Neurosci Methods

Boy group

Adult group
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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)

Computational Methodology

Graph theoretical analysis
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Bullmore and
Sporns, 2009

Computational Methodology

Graph theoretical analysis

Regular Smali-world Random

Node: brain region
Link: connection

L T v a— ]
Increasing randomness

Watts and Strogatz, 1998. Nature

Small-world networks contain

Regular: Small-world: Random: .
high C high Cp low Cp many local links and a few
high 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 :‘)r/l

Computational Methodology

Graph theoretical analysis

Hub

Module

Yanetal., 2011. PLoS ONE

Computational Methodology

Degree centrality
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Cole et al., 2010. Neuroimage Zuo et al., 2011. Cereb Cortex




Computational Methodology

Dynamic perspective

ANV W=

Chang and Glover, 2010.
Neuroimage

Kang, , Yanetal., 2011,
Neuroimage Allenetal.,2C" .o
Cereb Cortex 37
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Computational Methodology

Dynamic perspective
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Margulies et al., 2009. PNAS Yang, , Yan, Milham, 2014. Neuroimage 33

Computational Methodology

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

@ Voxel strength: ALFF/fALFF

s

Regional synchronization: ReHo
@ Homotopic connectivity: VMHC

- Global connectivity: Degree Centrality

Global Signal Correlc ion
39

Computational Methodology

Concordance Among Indices of Intrinsic Brain Function
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Yan et al., 2017. Science Bulletin 40
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Yan et al., 2017. Science Bulletin 41

» Resting-State fMRI: Principles

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

« Data Analysis: Computational Platform

» Applications to Brain Disorders
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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...

1/17/2022

Methodological Issues: Head Motion

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!

a4

Methodological Issues: Head Motion

. . ar= Proposed an effective head
@: 0”““ " % TR motion correction strategy
Ei ) i: £ » Individual-level correction

_&&q '“"mw _g. “‘WWM with the Friston-24 model

» Group-level correction with
head motion covariate

"*‘“ wmmm g ’«'m"o.»»

du_ » Cited: 970 times
» ESI Top 0.1% highly cited paper

Yan et al., 2013a. Neuroimage
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Methodological Issues: Standardization
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Methodological Issues: Standardization
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The Impact of Standardization Procedures

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

on Confound Variables: Site Effects

»> Cited: 284 times
» ESI Top 1% highly cited paper

Proposed an effective

standardization strategy

Mean regression + SD division Yan et al., 2013b. Neuroi= age
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Methodological Issues

Standardization
Collaborate with Dr. Xi-Nian Zuo @ IPCAS

Dr. Jia-Hong Gao @ PKU
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Beijing Municipal Science & Technology Commission (Z161100000216152) (PI: Gao)
National Basic Research (973) Program (2015CB351702) (Co-I: Zuo) 18




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

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

may now be invalid.
Eklund et al., 2016. PNAS
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P=0.05 P=0.05 P=0.05 P=005 P=005
Probé)b?ﬁgrogﬁoamty (ﬂ?tgl%bilitypgb%sabilit)%aaéwiw of not
gettin%%%;&ﬁfa falsgetting a fajseting a f&1éting a false
positive reasitive resulositive requoitive regfigitive result:
1-0.05=D-96.05 = 0.95 - 0.05 = 01950.05 = 0lg50.05=0.95 50

cibility and Multiple Comparison
Correction

Multiple Comparisons
Gaussian Random Field Theory Correction

Monte Carlo simulations (AlphaSim)

51

Reproducibility and Multiple Comparison Correction
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Reproducibility and Multiple Comparison Correction

Permutation Test
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Winkler et al., 2016. Neuroimage

Reproducibility and Multiple Comparison Correction

Threshold-Free Cluster Enhancement (TFCE)
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Fig. 1. llustration of the TFCE approach. Left: the TFCE score at voxel p i given by the sum of the
hown as the dark.grey band) within the area of "5 lmpﬂﬂ of (g ) The s b exch st ple function of its height A and extent
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Family wise Error Rate

6

P<0.01(2>2.33) & P<0.05
P<0,005 (2>2.58) & P<0.05
P<0.001(2>3.00) & P<0.05

m  P<0.02(2>233) & P<0.05
om
2
P<0.0005 (2>3.29)8 P<005 |© MMl P<0.001(2>3.29) & P<0.05
o
Fm

P<0.01(2>2.58) & P<0.05
P<0.002 (2>3.09) & P<0.05

P<0.01(2>2.33) & P<0.025 TFCE
P<0.005 (2>2.58) & P<0.025 VOX
P<0.001(2>3.09) & P<0.025 E
P<0.000S (223.20) & P<0.025 == 95%CI
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Family wise Error Rate

TABLE |. 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

s
2
©
o
lé (One-tailed twice) AFNI 3dClustSim DPABI AlphaSim GRF
m Voxel threshold Cluster threshold FWER Cluster size FWER Cluster size FWER Cluster size
% P <001 (Z>233) 0% 6605073 483% 6024 > 168 69.35 = 1.09
s P <0005 (Z2.58) Ze% 8904 945=113 0

2 <0001 (2 5% 15 1840 =061 2129+ 046
> P < 0.0006 (Z > 3.29) 96% 1393 = 054 1582 + 039
E P <001 (Z>233) 30.8% 6772236 7896+ 124
s <0005 (2> 2.38) B a0 44481 348 =085
w P <0001 (Z>308) B6% 22634025 2494041

P < 00006 (Z > 3.29) P <0025 58% 17.33 +0.22 18.51 + 050
i S\ GRF et FOR
\ustS! ha'
AN 340! oph8! AP
Different Multiple Comparison Correction Strategies . .
P P 9 20 vs. 20 Permutation 1000 times
20 vs. 20 Permutation 1000 times o
Chen, Lu, Yan", 2018. Human Brain Mapping Chen, Lu, Yan*, 2018. Human Brain Mapping 6

Family wise Error Rate

TABLE 1. FWER under correction of three kinds of clustenbased correction with the strictest threshold, & versions of PT-based correction as well
as FOR correction

FWER
o VMHC  ALF (8 s
Vouel threshold AUFF  fALFF  ReéHa' DC VMHC R withGSR with GSR  semcvothed)
Secthress THX 73X 9%x 7wx 6IX IWX  TRX  9MX &KX 6IX 1188
o, wxyxe) TN TAx STNIITx WX TAX  IAx  BHx  RI6X 661 115 x
a7 B0 78 66l s Zlo P 800 £y 11
APNI SdCustsim P < 00008 P<OmB  SH% 6% 73% 5% 6% S5 [z [ TR S5
ore-tailed) z>329)
DPABI AlphaSim 7% B 9 78 2 &3 240, 691
(ore-tailed
GRF (ane-tailed) s1% 55 s amn 5w s1x 45
TTa T T T T T 7= ™
corrextion 2523
(wotaed)  PeaD) p<0ts e S e 50 15
POms A% a1% 53N 4R 15 500 s a7 i 4
peam P<ODS  48%  45%  AS% 495 A% 4% A4S s a2 o At
z>329)
PTTRCE o A a3 a2 a6
PTVO o 1 % . son
FDR cormection AN 39 16%
The smmoothess in the second row i the of the maps fesd al analysés, and was different form the appled smooness
(4 mm FWHM) in pee-processing, The o ‘smoothess was used 13 yersices of cluster based coerection (Le., GR theory correction, AFNI 3dClustSim and DPABI

Alphaiam)

20 vs. 20 Permutation 1000 times

Chen, Lu, Yan*, 2018. Human Brain Mapping 57

Test-retest Reliability

Test-retest reliability
Sex differences in test and retest
TimeT1 Time T2

B> &
: V;: significant
Voveriap) voxels in test
l 2 V,: significant
< Q% voxels in retest

Voverlap: VOXels
significant ir bath
test and re.. 5t

Dice = 17)( Vwm'w
Statistical significant voxels T+

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

Test-retest Reliability

TABLE IIl. Test-retest reliability of sex differences for all R-MRI 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 ALFF [ALFF ReHo DC VMHC with GSR with GSR with GSR with CSR with GSR

AFNI 3dClustSim P < 10005 P<OMS 065 051 050 034 03 064 048 044 028 024
(Z>329)
065 051 049 03 03 06 048 045 027 027
(one-tailed)
GRF (one-tailed) 064 051 050 035 03 068 048 043 028 024
P cluster extent P < (.02 P<OS5 065 070 056 045 040 062 088 045 030 040
correction (Z>233)
(two-tailed) P0G 067 066 052 0R 03 060 063 046 027 032
P<OBS 063 055 051 03 03 063 052 047 023 032
P<OS5 064 051 048 07 038 06 048 044 028 026
PT TFCE 068 075 054 048 046 066 074 044 031 042
FDR correction 06t 0&7 051 0M 037 083 06l 047 02 0N

For test-retest reliability for all the 31 kinds of multiple comparison correction strategies, please see Supporting Information Table $13
> Moderate test-retest reliability

> ALFF, fALFkF, ReHo are better than D_C and VMHC 212 Mvs. 208 F X 2 times
Chen, Lu, Yan®, 2018. Human Brain Mapping 59

PT with TFCE outperforms

e
e
Permutation test TFCE, a
strict multiple comparison
correction strategy, reached
the best balance between
family-wise error rate (under
5%) and test-retest reliability
1 replicability

Chen, Lu, Yan*, 2018. Human Brain Mapping 60
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Sample Size Matters
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Chen, Lu, Yan", 2018. Human Brain Mapping ! 61
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Reproducibility of R-fMRI Metrics on the Impact of Different
Sample Sizes

Strategies for Multiple Comparison Correction

« 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 96 times
» ESI Top 1% highly cited

Chen, Lu, Yan', 2018. Human Brain Mapping 62

Permutation Test with TFCE

[ PALM Setting

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

Yan* et al., 2016. Neuroinformatics
ESI Top 0.1% highly cited (>850 times) 63

The R-fMRI Maps Project

Data Contributor Brain Imaging Data Sharing Platform ¢, 0001 pocearchery
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Storage
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Central server._

Data acquisition

The R-fMRI Maps Project _5) A 4
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S 4 B\/

Data acquisition
High-Performance Computer at IPCAS

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

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 ROIs
In addition, gray matter, white matter and CSF
density and volume files were shared

oU A ®N R

Downloaded by
593 researchers

65
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DPARSF: a MATLAB toolbox for “pipeline” data analysis of
resting-state fMAI

e G s 2
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BT R

COMMUNICATION

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%) A B S A HIT
followed by DPARSF (29%) and FSL (25%). Other less com- = TR
monly used software included AFNI and various MATLAB

toolboxes, such as the GIFT toolbox and the Conn toolbox.

L2FREIRR . BB R ZHRHRSPM (56%) ,
PRIERDPARSF (29%) FIFSL (25%) ...

68
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Yan et al., 2016. Neuroinformatics

ESI Top 1% Highly Cited Paper
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DPABISurf

L] DOPABI
DPARSF

DPABISU 1,086t DPARSF Aclvonced Edition
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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
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Thanks for your attention!
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