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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-interal-wiring/20500.html

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 @

Resting-State fMRI: Principles

Rasting matabolism

38%

Raichle et al., 2010. Trends Cogn Sci @

Resting-State fMRI: Principles

Task

Baseline « Traditional fMRI analysis

=P Noise?

Activities in the baseline state (usually resting-state)
Fox and Raichle, 2007. Nat Rev Neuro@
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Resting-State fMRI: Principles

» Temporal synchrony of spontaneous fluctuations

Biswal et al., 1995. Magn Reson r@
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Resting-State fMRI: Principles

« Functional networks identified by functional connectivity with
resting-state fMRI (RS-fMRI)

Resting-State fMRI: Principles
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Biswal et al., 2010. PNAS i

Zhang and Raichle, 2010. Nat Rev Neurol

Resting-State fMRI: Principles
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Figure 1. Number of R-fMRI related studies in PubMed (key

words: “resting+state+fmri”).
Yan et al., 2015, F1000Res
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Computational Methodology

* Integration approach
* Regional approach

* Graphical approach




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 Ma\@s

Computational Methodology

Correlate
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Computational Methodology

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

* Independent Component Analysis
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Computational Methodology

* Voxel-mirrored homotopic connectivity (VMHC)
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Computational Methodology

Directionality

5

Association
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Directionality

(undirected network)

Causality
(directed network)
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Computational Methodology

Directionality

» Statistical techniques

« Structural Equation Modeling (Mclntosh 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

8/21/2018

Computational Methodology

Regional Homogeneity (ReHo)

Similarity or coherence of the time courses
within a functional cluster

W= El[i?s)2 - n(R) @
2 (Zang et al., 2004)

Computational Methodology

ReHo: motor task state vs. pure resting state

"W B Rest> Motor
é}' |

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

b) Higher ReHo in default mode network (PCC,

MPFC, |PL) 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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Bandpass filtered
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Power

Spectrum

Zang et al., 2007

Computational Methodology

ALFF

PET
(Raichle et al., 2001)

ALFF
(Zang et al., 2007)
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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. ) Neurosci Methods
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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

Bullmore and
Sporns, 2009

Computational Methodology

Graph theoretical analysis

Reguiar Smail-word

Node: brain region
Link: connection

P —————————————p p=1
Increasing aandomness

Watts and Strogatz, 1998. Nature

Small-world networks contain

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

“shortcuts™).
3 /

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

Computational Methodology

Graph theoretical analysis

Hub

Module

Yanetal., 2011. PLoS ONE

Computational Methodology

Degree centrality

Buckner et al., 2009. J Neurosci
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Cole et al., 2010. Neuroimage Zuo et al., 2011. Cereb Cortex '




Computational Methodology

Dynamic perspective
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Computational Methodology

Dynamic perspective
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Yang, , Yan, Milham, 2014. Neuroima

Margulies et al., 2009. PNAS

Computational Methodology

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

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

- Global connectivity: Degree Centrality

Global Signal Correl

Computational Methodology

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

Computational Methodology
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Yan et al., 2017. Science Bulletin !
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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...

8/21/2018

dological Issues: Head Motion
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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!
44

Methodological Issues: Head Motion

Proposed an effective head
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motion correction strategy
» Individual-level correction
with the Friston-24 model

» Group-level correction with

head motion covariate
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» ESI Top 1% highly cited paper

Yan et al., 2013a. Neuroimage
45

Methodological Issues: Standardization
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Yan et al., 2013b. Neuroimage
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Biswal et al., 2010, PNAS

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: 176 times
» ESI Top 1% highly cited paper

Yan et al., 2013b. Neuro
47

Proposed an effective
standardization strategy

Mean regression + SD division

Methodological Issues

Standardization
Collaborate with Dr. Xi-Nian Zuo @ IPCAS

Dr. Jia-Hong Gao @ PKU
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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
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cibility and Multiple Comparison
Correction

Multiple Comparisons
Gaussian Random Field Theory Correction

Monte Carlo simulations (AlphaSim)

Reproducibility and Multiple Comparison Correction
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Reproducibility and Multiple Comparison Correction
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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 is given by the sum of the scores of all increments
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Family wise Error Rate
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Chen, Lu, Yan", 2018. Human Brain Mapping
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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

(One-tailed twice) AFNI 3dClustSim DPABI AlphaSim GRF

Vel threshold Cluster threshold FWER Cluster size FWER Cluster size FWER Cluster size
P <001 (Z>233) 66.0520.73 6024 = 16§ 69.35x 109
P < 0.005 (Z > 2.58) 43594042 945=113 4670+ 075
P < 0.001 (Z >3.09) 1098+ 0.34 1840 = 061 2129+ 0.46
P < 0.0005 (2> 3.29) 5 5 1393 =054 15,82 + 039
P <001 (2 >23 67725236 78“6‘\‘4
P < 0.005 (Z = 2.56) 4448 = 160

P < 0.001 (Z ) 2000 =

P < 0.0005 (Z > 3.29) 17332022 1608 0.71

20 vs. 20 Permutation 1000 times

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

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
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Test-retest Reliability

Test-retest reliability
Sex differences in test and retest

=E 9e
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Statistical significant voxels V4V, test and ri

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 < 0.0005 FP<0025 065 051 050 034 039 064 048 04 028 024
(one-tailesd) (Z>3.29)
DPABI AlphaSim 065 051 049 0M 03 06 048 045 020X
(ome-tailed)
GRE (one-tailed) 06t 051 050 035 039 085 048 043 028 02
P cluster extent P <002 P<OS5 065 070 056 045 040 082 088 045 030 040
correction
(two-tailed) P<OU5 067 066 052 0B 03 060 06 046 02 03
F<005 063 055 051 036 038 063 052 047 023 032
P<Of5 064 051 048 07 03 064 048 0M 028 02
FT TFCE 068 075 054 048 044 086 074 04 0.31 042
FDR correction 064 067 054 03 0F 06 06 047 03 029

For test-retest reliability foe all the 31 kinds of multiple comparison correction strategies, please see Supporting Information Table 513
> Moderate test-retest reliability (
> ALFF, fALFF, ReHo are better than DC and VMHC

212 Mvs. 208 F X 2 til
Chen, Lu, Yan*, 2018. Human Brain Mapping

PT with TFCE outperforms

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
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Sample Size Matters
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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).

Permutation Test with TFCE

. PALM Sating

e fon T et

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

Yan* et al., 2016. Neuroinformatics
ESI Top 1% highly cited (>60 times) 3

The R-fMRI Map

Data Contributor  Brain Imaging Data Sharing Platform o0 oo |
5 # =1, Storage
Data acquisition
35 W
YL ¥
Data acquisition

\
The R-fMRI Maps Project »ﬂ .
e

gL
Data acquisition

High-Performance Computer at IPCAS

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

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

ous®NRE

Downloaded by
593 researchers

&
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Yan and Zang, 2010. Front
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Cited: 1500 times

porting of Resting-State Functi Magnetic

Imaging
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DPARSF

. Data Organization
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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

8/21/2018

Further Help

The R-fMRI Course V2.1

http://rfmri.org/wiki

[% The R-fMRI Journal Club

Q Official Account: RFMRILab

http://rfmri.org/Course

Preprints of the R-fMRI Network

-

=1

Prepeints of the B-{MRI Netwark (PRY) &
of R-HR related research. The ge

ded Preprints

e rapidly

latest research.

FICOOResearch oo fumarsn 2015, 313 it st 1 A0 38

®meh(mk
ARE TOOL ARTIGLE

PRN: a preprint service for catalyzing R-fMRI and

neuroscience related studies [v2; ref status: indexed,

http/f1000r.es/5qy]

Chao-gan Yan'*#, Qingyang Li%, Lei Gao*®

¥Tha st o bt o Fretisr Raseqrcn, Crangatag. NY, LSk

gttt of Peyehokgy, Chinesa Acudermy o Siarcas, 18 Lincd el Chaoyany Disrct, Befng 103101, China
Papehir, o ek, WY, USA

Al O o PR e PRI Notmork, i, e Yo, Y, LS.
SDaparama of Aascingy, T Frs! AMIaies Hospital of Nanchang Unierssy, Nanchang, ina

b

REE

.
PESHREMERERERES
DEEP BRAIN
4 E %
WHUNR—TARE T ® , MR
AHFHAEBLFAREONEMEN, REOMFSETUNSBONBPZELE
5 L L A . WX
f % The R-MRI Lab &) % Jb| it — ATy
L 220 HE, BEASHM RS
F T http://deepbrain.com

nmud BRI R R R R LR RESN

MNERHEFHOIE, CREFHNESPEHSIR The R-MRI Lab BIHRT
PEMARTRENARRER AR RE RERAHINE, CHL TSR

AR TS TR M ESHRE R R B ~
" BRI SERNEERITEMANTER

B RS R SCIRXBINS

g WeChat Official Account: RFMRILab

Chinese Academy of
Sciences

Xi-Nian Zuo
Hangzhou Normal
University

Yu-Feng Zang

NYU Child Study
Center

F. Xavier Castellanos
Child Mind Institute
Michael P. Milham

« National Natural Science Foundation of China
Funding < National Key R&D Program of China

« Chinese Academy of Sciences
4

14



Thanks for your attention!

8/21/2018

15



