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Energy consumption in the brain
AHNHIEE=HFE

Oxygen consumption FE=E

* Brain < 2% body weight but
consumes ~20% of total energy 0 0 cwa

AKINEEN G B RIN<2% {BEEFEZ20% ) 2 8E=

w
» estimated 60-80% of this energy used
to support communication between

cells
2060-80% IEE= FH T 4R B FIRS it

e task-evoked activity accounts for ~1%
ES1ERBIENN 51%

Raichle et al (2006), Gusnard et al (2001)
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consumes ~20% of total energy ":i“
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» estimated 60-80% of this energy used
to support communication between Decreased activity during tasks (PET)
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Raichle et al (2006), Gusnard et al (2001)



Why study the brain at rest?
AT LR KIHIFRRS

o Localisation versus connectivity &5 %# Finger tapping Fi&E5) Rest B8E%

 Understand the inherent functional organisation
of the brain T & AE B RIIHEEES

Biswal et al (1995), Sheline et al (2010)
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Why study the brain at rest?
AT LR AKANAEYE

o Localisation versus connectivity &5 %#

IL;\II_;\

 Understand the inherent functional organisation

of the brain TR AMEBNINEEER

e Clinical/ cognitive biomarker i&RANEIFRIE

 Pragmatic benefits: can be done in any
population, with relatively little setup and

expertise required sSLRMMS: FIATE(E

AFEEZEXNRDINKEN T WA

Biswal et al (1995), Sheline et al (2010)

fo] NBFF

Finger tapping Fi§&5H

ReSt ﬁ?:@u AN Y




Resting state data analysis
B ESEIES T

Many different methods available for analysis

AT S AR DA

All have one assumption in common: Ef1&RE/ERIE:

l.e.Definition of functional connectivity is based on
a statistical dependency between time series

Ij] ﬁI:LEI:REI/]L

= M 7E

=0T (8] 5 Z [BIRY T AR 1T

Differences between methods lie in the way these
similarities are estimated and/or represented

RIEZ BINZEFE T ST A/ER X ER T

NI

If two brain regions
show similarities In
their BOLD timeseries,
they are functionally
connected

R AR X 187 EBOLDHY|g]
Ry EREHEMUE, We(11EDD
gE L =18 5 <BXAY



Types of connectivity

EZRsE Y
e Functional connectivity 1haEE:

o Statistical dependency itk e T

o Effective connectivity Bz

e Directional influence smtyEm

o Anatomical (structural) connectivity &g

e Presence of a white matter tract pE&a4%E

) -
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Types of connectivity
E 1R 2B

e Functional connectivity 1haEE:

o Statistical dependency itk
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Data characteristics
ZUREYTFE




Replicable networks
A EE RIS

Large-scale inherent organisation is
reproducibly found across studies and

approaches
ZHMARI A AT EEMLMMAFEEANENEFEHR

Damoiseaux et al (2006)



Grey matter networks
7R Joa N 25

Resting state network structure

IS localised in grey matter
5 SRS T REA




Relationship to task
5F&0x R

Resting state networks are similar to task activation patterns at
group and single subject level

8 8 SMA L MUTAMB MR E S BEER

Rest Task
® N

SOCIAL rom LANGUAGE warH-sTory

Actual

Predicted

Smith et al (2009), Tavor et al (2016)



Functional vs structural connectivity
THEEF &R

Participant B, 998 ROIs

Functional connectivity Is related to s
structural connectivity o
NIy md v Sp— ] O ek
INREEIR S SEMEIRA X .
0382 0.4 0.6 0.8

rsFC rsFC

== Functional connection o _
(empirical) (nonlinear model)

Honey et al (2009), Damoiseaux & Greicius (2009)



Low frequency fluctuations?
{50 R RS

power spectra for 5 RSNs in low-TR data (mean of all 5 in black)

B 0to 0.1 Hz
0.1to0 0.5 Hz|
m 06to1.1 Hz

auditory visual motor artery vein  csf

l k Al “ A

'I’NM'W/‘%/\N M ‘\MM& n/A\ AL ;,z&»‘u A

frequency (Hz) 0.16

Cordes et al (2001)



Low frequency fluctuations?
5K e IE"?

» BOLD decreases as 1/f |
BOLD[#{R1 / f |
 Degrees of freedom increase as _

sqrt(f)

HHEE N Asqrt (f)




Low frequency fluctuations?

e BOLD decreases as 1/f

BOLDFEAK1 / f

* Degrees of freedom increase as sqrt(f)

Ei%ﬂﬂﬂﬁsqrt ()

50K BNIRNE?

e Combined effect contributes to RSN estimation across
frequency range!

BRS8N B B))-

— Ik <27
-EEIERE

HIRSN{H1T!

3.5 ;
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2.5 |

A.U.
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Static versus dynamic connectivity
oo S ER

 Most connectivity measures are static (based on

the full resting state scan) Az EEEEZHSH (E-
TR LIRS )

Static connectivity

 Dynamic connectivity is like to occur (changes =
over time) M ERMTFLEE (FERTEIZL) St

e Static connectivity measures reflect average
across dynamic states #5EiEEE kM T aiSHFEHE Dynamic connectivity

I3 | »
/| ! 1
.......
' \/ s . A 1 | g POV
...........

 Dynamic connectivity measures are challenging

(in terms of noise influences, significance testing)
SERNEEBREM (EREMNEZMHMINHHE)

Allen et al (2012), Hutchison et al (2013)




Arousal ez

o Subjects fall asleep Sit& i

Tagliazucchi and Laufs (2014), Horovitz et al (2008), Bijsterbosch et al (2017)



Arousal ez

o Subjects fall asleep Sit& i

—
@)
o

Steadily awake prob.
(-
o
% of total time
N
o

N
()

o

20 40 W N1 N2 N3 Al
Time (min)

Tagliazucchi and Laufs (2014), Horovitz et al (2008), Bijsterbosch et al (2017)



Arousal =

* Subjects fall asleep ZigENE

 Changes in BOLD amplitude
BOLDIEERZA,

* Related changes in correlation

(PSR
S T o0
.8 |
— I (o))
Q.
o : £ a0
© ! ©
=05 | s
2 | S 20
E . 2
(4)] I
) !
0 ‘ | ‘ 0
0 20 - 40 W N1 N2 N3 All
Time (min)

Tagliazucchi and Laufs (2014), Horovitz et al (2008), Bijsterbosch et al (2017)

Within subject changes in functional connectivity

= B
3 12 9 20 1 4 14 24 23 18 19 25 16 22 2 7 5 10 6 13 15 21 8 11 17
Primary sensory/motor networks Cognitive networks
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Preprocessing

AL IE



Careful cleanup required
w2 FHEL

Low motion > high motion

Structured artefacts much more of a problem for
fMRI than task-fMRI rfMRItttask-fIMRITZEE ZHIA NE =

No model of expected activation ;&&iHHERIEE

* Instead based on correlating timeseries with
each other mE& T igad 18 F5EE KB

Van Dijk et al (2012)



Noise sources
15 75 SIS

e Head motion stz
o Cardiac & breathing cycles /\BkF1ITIR E &R

o Scanner artefacts 13 gs




Preprocessing overview
Fo14Lb EER ARE 3R

Conventional preprocessing steps = FNAL IR I
AN&KRRIE Motion & distortion correction Slice timing correction i 18 BB E
= 18 e High pass temporal filtering Spatial smoothing = |8
[iTv):3 Registration
Noise reduction steps (use at least one of these) pRIRSIR (ZMEHERZ—)

27 [o])3 Nuisance regression Low pass temporal filtering (KR

N E Volume censoring Global signal regression ZhES a3
ICARENE ICA-based clean-up

SRR Physiological noise regression
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Nuisance regression
s EPE

Data after

Residual
: standard. “clean” data
e Head motion parameters (stansgy)  Preprocessing FIRE“F %" 54

MR T IR fE RO RS HE

e White-matter / CSF

(B B/RE &)

“

e Use GLM to remove nuisance c
timeseries (GLMEFRIEERTE)FF!) — Bt 4By

+B37+B4+Bs §+Bs |+B7Z=+Bgs +

 Perform analysis on residuals
(FRZE D)

e “CompCor” method (PCA-based)

(“Com pCOr”Tj_le (' =] PCA) ) Xrotation Y rotation Zrotation Xtranslation Y translation Ztranslaton CSF WM

Muschelli et al (2014)
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Volume censoring
ARG E

Remove volumes with high motion (#gmiRAE%)

Very effective to fully remove large motion

effects (BFRADNERABIMERBRIRLS)

Framewise displacement

But, does not remove small motion effects and other 2t | _
noise sources (kEf/NIUA R EAMIEE ANEREER) i

Also known as scrubbing, spike regression, de-
spiking
IR AL, RIEBLE, AxlE

Power et al (2012, 2013, 2014, 2015)



|CA based cleanup
ICARZ L

Spatial maps Time series Frequency spectra

o Semi-Automatic labelling methods available
(ICA-FIX, ICA-AROMA)

¥ BRI A% (ICA-FIX, ICA-AROMA)

« Removes most types of artefacts (motion,
physiology, scanner)

MIFR RS ERBINIRE (ko). £, HiEiE)

* But, does not capture global (spatially extended) |
noise

BZ, A=iFER (ZETR) EFE . R

Salimi-Khorshidi et al (2014), Pruim et al (2015)




Physiological noise regression
ERREIRIREE

¢ PNM, RETROICOR % 7 Registered
° RETROICOR
. . , e g Motion-Modified
* Requires physiological measurements 60 RETROICOR

o)
o

during scan i aEHEFEEEEESNE

NN
o

W
o

Avg. Reduction of
Temporal St. Dev. (%)

* (Generates regressors based on
physiological data EF4EHEEREYAE

Jii

Simulation Low-Res

o

igh-Res

Glover et al (2000), Jones et al (2008)



Lowpass temporal filtering
{FE 388 Bt (8] 57E 5B

Original BOLD data
 E.g., common to remove

frequencies > 0.1Hz
B EMFR> 0.1HZAYSH R

o May remove useful signal Highpass filtered data (>0.01 Hz)

AIRERMIFRE R{ES

 Not guaranteed to remove much
artefact Bandpass filtered data (0.01 - 0.1 Hz)

ANBEPRUE FRIR Z 1R
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Global signal regression

=RFREMES

 Regress out mean timeseries across all voxels
(or all grey matter voxels)

oA BAR (B RBRIRER) BFIYETEFS

e Shifts connectivity values to be zero mean
KEBREERRANZTIE

* Therefore, more negative correlations
Altt, FEEZAREX

 Not necessary if using partial correlation
NRERREXNANE

T,

Murphy et al (2009)

Number of Voxels

Number of Voxels

3000

2500

n
o
o
o

-b
O,
o
o
I

b
o
o
o
|

500}

3000

2500

n
o
o
o
T

-t
O,
o
o
|

-t

-

o

o
|

S00-

Histogram of Correlation Values
(Without Global Signal Regression)

- Correlation with PCC |

Histogram of Correlation Values
(With Global Signal Regression)

" Correlation with PCC



GSR effects & alternative
ERZNE SN IMBFR A E

PCC correlation
spatial ICA cleanup

PCC 18}
ZIEICAKIR

Glasser et al (2018)



GSR effects & alternative
ERZENES N IE

&Q HR
* 2 X 1

PCC correlation PCC correlation
spatial ICA cleanup spatial ICA cleanup + GSR
PCC 1% PCC tHx
Z=[EICAEE Z[EICAEIE + GSR

Glasser et al (2018)



GSR effects & alternative
ERZENES N IE

S EDER
- L X 1 X I ~

PCC correlation PCC correlation PCC correlation
spatial ICA cleanup spatial ICA cleanup + GSR spatial ICA cleanup + temporal ICA cleanup
PCC 1% PCC X PCCHE¥%
= EICAKIER = [EICAZKDER + GSR =S EICAL IR+ B (]I CAZL IS

Glasser et al (2018)



Clean-up comparison
EIREERR

no additional correction
SEEFEREMKRIERE

160 260
24RP-regression
24RPHZ1E 100 200
24RP + volume censoring
24RP+AEWME 100 200
ICA-AROMA | |
100 200

FMRI data DVARS



-up comparison
EBREEER
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Preprocessing advice
FHIAb R 3£ 1Y

Read up on the latest literature FiE &k

Nuisance regression Iis not enough 125 E3E R EHY

Low-pass filtering is not enough & often not necessary when using other
approaches Ri@ERE A BH, EEREMAERBEREE

Use ICA-based methods and/or volume censoring
(ERZETICAR G AN/ EINNE

Use physiological noise regression when interested in brainstem or other
vulnerable brain regions i3 ixT s B b SURAI AN X i BT, (FRERIRA RS

Don’t use global signal regression AE@E/3£MmES



Data acquisition advice
BB SR &R BRI

Just a guide, may vary depending on study aims!
RE—TEWN, FESRIEMRRBrmMAMAE!

Whole brain coverage, voxelsize: 2 - 3 mm
FTMESE, AEXR/N: 2-32K

Scan duration: 1355487 (g]

 10-15 minutes per scan &x13#10-15% %t

o Potentially multiple scans mTiA % x4

Repetition time: ideally close to 1 second (multiband/
multiplexed imaging) Egra: BAEER FERY (SIM/ZREMMG)

Paradigm: eyes open, fixation cross &=: iR, BT +F%

Auxiliary data: physiology, sleep #eh#iE: 432, ER




Network modelling analysis
25 IZER o




Glossary
151

» Node = functional brain region T FR=I8E % XK X 15}

« Contiguous nodes = interconnected ‘blobs’ 3%

\

ITR=FTR

« Non-contiguous nodes = e.g. bilateral IF3FELET S =038

1\

 Parcellation = separation of all voxels into a set of nodes

s TX =HNMERZTBAN—HTR

1\

 Hard parcellation = binary regions — i} #l

 Soft parcellation = weighted regions X [X 15|

« Edge = connection between nodes %=1 52 7 BRI E %

 Connectomics = mapping all connections between all brain regions

T H = BRETPRA KN X152 [BRUPRA Ex




Analysis steps
Lk

e Node definition FaEY

e [imeseries extraction mitjg s
512 BX

 Edge calculation in%it&

my / . I e Network matrix m&serE
.-"' e s M
“  H h‘x l o Group analysis A #r



Node definition

TRENX
Anatomical atlases Functional atlases Data-driven parcellation
A AL X IJBERR IR BURIRE o X

Tzourio-Mazoyer et al (2002), Yeo et al (2011), Glasser et al (2016), Cohen et al (2009)



Node definition
TRENX

Anatomical atlases Functional atlases

Data-driven parcellation

e Harvard-Oxford/ AAL

15 #/AAL

 Avoid if possible because
typically based on small Rejgelse, AANER
number of subjects and 2T 0EWk, WIhEE
not a good estimation of D5 A BERIFHIETT

functional boundaries

Tzourio-Mazoyer et al (2002), Yeo et al (2011), Glasser et al (2016), Cohen et al (2009)



Node definition

= e A
T REX
Anatomical atlases Functional atlases Data-driven parcellation
Harvard-Oxford/ AAL  Yeo 2011/ Glasser 2016
Avoid if possible because  Many good functional
typically based on smali atlases available, though %ﬁ%ﬁ?@\?’a‘tbiﬁﬁﬂﬁ, @EJLX
number of subjects and few comparison studies R S IR RIFRIRMR

not a good estimation of .

How to map onto
functional boundaries

individuals is very
important

GNEIAREY R MAT B 2R E EER

Tzourio-Mazoyer et al (2002), Yeo et al (2011), Glasser et al (2016), Cohen et al (2009)



Node definition

= e A

TRENX

Anatomical atlases Functional atlases
Harvard-Oxford/ AAL  Yeo 2011/ Glasser 2016 y
Avoid if possible because ¢ Many good functional )
typically based on smali atlases available, though
number of subjects and few comparison studies )
not a good estimation of e How to map onto
functional boundaries individuals is very
important

Tzourio-Mazoyer et al (2002), Yeo et al (2011), Glasser et al (2016), Cohen et al (2009)

Data-driven parcellation

ICA/ Clustering/ Gradients

Estimate parcellation from the same
dataset used for further analyses

MATHE—T o ITIEEREEFEE DX

How to map group parcellation onto
individuals very important

SNl H o BRI Z MR ER




|CA for parcellation
ICA X

25

100 |

300




Timeseries extraction
i< 18] R 512 BY

Hard parcellation:

 Masking (mean timeseries) ¥tk (Fi40d(8FE5)

« Eigen timeseries (PCA) 451t (8% (PCA)

AN F A ==

Z\
IR

ML

e Using multilayer classifier {8 %,

|CA (soft parcellation):

 Thresholded dual regression/ back projection

I

SF{EXXE LY/ I 2.

Alternative: EHAt?

« Hierarchical estimation of group & subject 2H. MBS E{&1T
 e.g. PROFUMO

Hacker et al (2013) , Fillippini et al (2009), Calhoun et al (2001), Harrison et al (2015), Bijsterbosch et al (2019)



Edge calculation
VILE ]

* Presence/ absence of edges 7/~ ZEins

o Strength of edges n%4a8,

i

o Directionality of edges n%m5 it




Direct versus indirect connections
HiZFES aigiEE

e Correlation between 2 and 3 will exist 1
213 2 [B)fZ= Bk %

Truth 3

e Therefore full correlation will
iIncorrectly estimate connection 2-3

AL, STEMEXEE IR ERE2-3

e 2-3 IS an indirect connection

2-3xEE|‘Eﬂ ¢§ET§ Full correlatlon/




Partial correlation
I=EES

 Before correlating 2 and 3, first regress 1

out of both (“orthogonalise wrt 17) 7E%8£2%03
ZBI, BARMREPREYIT (“IERwrt 17)

e |f 2 and 3 are still correlated, a direct

connection exists tE2/3sAE%, NIFEE]
%

Partial correlation

Xkt

 More generally, first regress all other nodes’

timecourses out of the pair in question E—#%
#hi%t, BSCMETITICHISTE A EIFRE EM T RadEFS)

Full correlation /

 Equivalent to the inverse covariance
matrix FXNTF LA ERERE




Regularisation

IEAE

Urgh! If you have 200 nodes and 100 timepoints, this is impossible!Urgh!

MNRIRB200TT 2 5100 B =, XEAT]EER!

A problem of DoF - need large #timepoints - #nodes DoF#[aIEf - EEAR#ITE S - #T5

When inverting a “rank-deficient” matrix it is common to aid this with some
mathematical conditioning, e.g. force it to be sparse (force low values that are poorly

estimated to zero)

Regularised partial correlation (such as ICOV, Ridge) 1

SRR RN, BER—EHZFFREKMEEE, flu, mile®mi Gasl{HiTr AZFNERE)

But still important to maximise temporal degrees of freedom (EE At EEHENAREE

EAERYY

mtHX (ZICOV, Ridge)




Need to carefully define nodes
mEfHENT R

Partial correlatioy Partial correlation

Berkson’s paradox = false positive (2-3) Over-splitting = false negative (1-2)
BRFIFiL=1%k (2-3) dEHF =AM (1-2)



Directionality of edges
DR 7 a1

 Directionality is hard to estimate in BOLD data 7£BOLD#R#EH#EDA&IT 5 [a1E

 Don’t use lag-based methods such as Granger causality

AEFEHRE

 Perhaps d|rect|onallty IS overS|mpI|st|c view of neural connectivity (particularly in resting-state)?

Jlin

51=Eq73/b, WJ;Z[M&_L

ARKHR

LA EEEHEEERI TEENNR GFAlFESFIEIREST) ?
L l_ |5] b/\\\ J A= B 10N
10 100
o
c
e 5r 75
>
N
|
-— ® é
§, 0 ® iﬂké 50
N
B
& -5[ 125
=
4]
(&
-10 0
592598552288 9025250202280 582 5500885003
T LTS T o o 5D - — @ @ — @©0— @ O 0 Cc ¥ — T o e 00 OO
eEE83Y £P58580080208 800k E88RREESS 2
S22 0] L §ECG CBOEEO0ESLSRZRFAFE T e =
- @ @ — O OO = O O a S £ Ccccc pn B
Fi E ¢ ° 588888 g3
H L = & T © ©
Smith et al (2011) 338 @ 4

% directions correct



Building a network matrix
1) 52 B 48 XE B




Network matrix
P 28 2B B%

| 2 3 4 5 6 7 8 9 10 1112 13 14 15 16 17 18 19 20 21 22 23 24 25 26 27 28 29 30 31 32 33 34 35 36 37 38 39 40 41 42 43 44 45

¥068026200020000880000800000000080000808000060

90880080888°80080000008808080808000800008008686
80 $000000008000000000000:0:.80000000000800086

'-1

Illl lh f

Il1
i

:



Hierarchical clustering

HERH

[ﬁ_‘II”Hrﬁll'lﬁll

9 40 21 27 44 8 32 37 14 43 7 20 38 16 28 26 25 36 1119 22 45 | 23 2 24 1041 29 33 4 31 3 6 12 30 5 15 13 17 42 34 35 18 39
®%$M®“ﬁ86w§# 9000888588000 000088082.00808000%8
LT TP IORE TR T >@w©ﬁ&®@wﬂ%@®®ﬁﬁ€@ﬂ@ﬁ®w“@a@@6@@$@&
ﬁ@&@@@@@@“QOOQaa&&&Oﬁ@@@Q&QO®QQQ B a%@ )0008e




Partial correlation iIs sparser than full
ah o tHKEESTTEHRED

9 40 21 27 44 8 32 37 14 43 7 20 38 16 28 26 25 36 11 19 22 45 | 23 2 24 1041 29 33 4 31 3 6 12 30 5 15 13 17 42 34 35 18 39

@@@@@@“@f
08888800
Full Partial
correlation correlation
matrix matrix
{RiE < EpE

ST ETHR %




Group analysis
Azl a ki

e (Calculate network matrix for each
subject &S MEILH LB

e Combine all network matrices into
one BJrAaEMNZEFEESHI—T

 Perform group-level comparisons:4
C RO NSRS R AR AR A T A Y A

(0 l‘ | |”| w‘ { ||| o IE| WM Hh ”M |||wnm|| * Univariate tests for each edge

| | |:|| || ||| l ||||| : | \ I ' | H |I ||I «“ )M MM W IlHI (GLM) BRINAZENE (GLM)

N it o il i |” I|| il H “ ||

Wl l i Ml I HIIII\ ||||| W '|: «W VMIM | :||||| * Multivariate prediction methods
( ” h Tl I ”' ||| I I I |‘ WJ‘ l (SVM) 2T =Tl AE (SVM)




FSLnets
fSIM 01T

* Currently uses Matlab or Octave BgifEREMatlabsOctave

* Therefore this practical will be a bit different from
other practicals Hitt, X#oHAESEth A ERERE

e More Information and download here: E2ZE & Tt
ht: https://fsl.fmrib.ox.ac.uk/fsl/fslwiki/FSLNets



https://fsl.fmrib.ox.ac.uk/fsl/fslwiki/FSLNets

Example: positive-negative mode
lgn: 1EfRE

A .
0410 - Picture vocabulary test Sensory, motor,
= Fluid intelligence (number of correct responses) . dorsal attention
s S Delay discounting (area under the curve for discounting of $200) -
w .
- Years of education completed
§ o Life satisfaction
c IS List sorting working memory test
(0] : .
g E Oral reading recognition test
s 8 Sustained attention continuous performance test (true positives)
oy e Sustained attention continuous performance test (specificity)
\Z r= Delay discounting (area under the curve for discounting of $40,000)
o 2 Picture sequence memory test
T © Years since smoked last cigarette
O Financial income (eight bands)
Q Peg-board dexterity test (time taken)
O Visual acuity (ratio)
No history of psychiatric or neurologic disorders — father
Pattern comparison processing speed
0.2 + ) Two-minute walking endurance test
Included in CCA
0.2+ Excluded Age first smoked (smokers only)
Variance explained: Thought problems score (self-report)
2% Still smoking
o Perceived stress score
1 7 /o Regional taste intensity score
Rule breaking behavior score (self-report)
Anger-physical aggression score
Times used any tobacco today
Pittsburgh sleep quality index (higher is worse)
Drug or alcohol problems — father .'
Total weekdays with any tobacco in last week Default
9 Sustained attention continuous performance test (false positives) mode network
‘g Positive test for THC (cannabis)
—0.36 12 Fluid intelligence (number of skipped responses)

Smith et al (2015)




Example: connectivity fingerprint
il BRERERTE L ES

{ Database matrices \

Subj 1 Subj 2 Subj N

Target

ID* = argmax({ry, r,, ..., I
matrix gmax(iry, r N

Finn et al (2015)

ONOOOTPA~WN =

ONOOTHA~WN =

=

12345678

Networks

12345678

Networks

Fraction DP edges

Fraction ® edges

0.12

0.06

0.2

r10.1

ID rate

ID rate

1.0
0.9 ~

0.8 -
0.7 1%
0.6 -

press=

%%

0.5

1.0
0.9 ~
0.8
0.7
0.6
0.5

12345678 91011
Number of time points (x100)

Task Rest + Rest
only task only



Comparison of methods

FBEEER




Overview of resting state methods
s 2SR AR

Voxel-based EF{F& Node-based E T+ T &
* Seed-based correlation analysisZ 3 RHY « Network modelling analysis 45321 5 1
NEESaRil
* Graph theory analysis E187
 Independent component analysisfiZ {579 P Y Y Rk
U * Dynamic causal modelling & EI R EZER
« Amplitude of low frequency fluctuations{E i L
S S RS * Non-stationary methods JEfRERI /5%

 Regional homogeneity FE8—214%



Seed-based correlation
BT MFmpBxoth

Easy to interpret 5%

No correspondence problem
=B —EE )R

Seed-selection bias x5k
fRZE

Only models seed-effect
(ignoring complex structure &

noise) RELFF =M (ZBEE 7R
SRS )




Seed-based correlation
results are strongly
influenced by small

changes Is seed location

INZEACRYSRENES

ETMFRERXERZMFULERIG

Seed-selection bias
FF SR REE

I

Cole et al (2010)



ICA
IR RN D A

Multivariate: decompose full dataset

SR R2HBRIES

V2| LLL

Test for shape & amplitude
M AZAR AP0

Can be hard to interpret mgesgFRE

No control over decomposition (may not
get breakdown you want)

DIEDEE (PEETEIREFEEER)




Graph theory
&1

® Si m p I e Su m m ary m easu reS Regular network Small world network Random network
(derived from network
matrix) HesCasE (RENEE
f%)

 Network matrix often
bi narised |)(_)(J é%%ﬁ Biééﬁ%&—i_%u ¢H-/’ Minimum path length Clustering coefficient Degree and hubs

3 7 (hub)

e Difficult to meaningfully
interpret (abstract and far

removed from data) BeEEX 6 (b
AR (MR TEEE) 3 2

Rubinov et al (2010)



Dynamic causal modelling

o) B RIRE

Directional interpretation (effective connectivity)

EmER (BR0EER)

Biophysical model -

=YkYbE

Lol

Assumes HRF homogenelty FigHRFEIFE

Limited model comparisons BEAEELLEL

Daunizeau et al (2011)



Overview of node-based methods

BIEER

BEXR, BERARX,
FiRE (PRHl) MR,

E

SEIEFILIAREY,
A AL T R

TELERMEMBHE
2R ORI R4S

BT RN ER D

graph theory [Eit

\_

clusters / hierarchies, network hubs,
network summary statistics (e.g. small-worldness, efficiency)

J

network modelling from FMRI data

functional connectivity
simpler, less meaningful,
network “discovery”,
better conditioned,

can handle more nodes

Bayes nets

effective connectivity
more complex, more meaningful,

pre-specify (constrain) network model,
harder to estimate,

can handle fewer nodes

SEM

full correlation

partial correlation

regularised partial correlation

non-biological dynamic Bayes nets

biophysical neural-groups to FMRI-signal forward
model, fit to data using Bayes (e.g. DCM)

~

J

\_

bottom-up neural network simulations

network of individual
neurons simulated

network of groups of

(e.g. neural mass model)

J (fFlantpsg #

neurons simulated _
2 T hR A R AY A E N &

1= EY)

) closeness to (interaction with) real FMRI data

SRAZAY

H \E_I_I

\l

SRH/EBEREN, METR

Mzt his UhER. BRUE)

FM

TNEEEIR
2, BROEX,
P25 R B,

E

RIZERIM S 2R

STEMHEX

SUELR, i<
IRLEEZTR /e
T H-H7 4%
G F RRAE AL

R E MBS DL Er

FYEHZHEIFMR
(ESIEMRY, G5FEE
DItER (BIaIDCM) &Y
EE




Which method to chose?
e IEMFR A2

Interpretation RERF
Relationship Summary Connections Biophysical Connectomics
to RSNs . values In system system .
5RSNEYx FH L2 RER EIR RS EiRAE
Dual Graph theory Network DCM Network

JR[EY] regression EFip m&ieie modelling ppxpEEER  FEEie modelling




Part of a series of Oxford Neuroimaging Primers —#&7I4-# a2 1% _
% | WJ E/‘J _SI;I'ZB%\ OXFORD NEUROIMAGING PRIMERS

Available from Amazon and Oxford University Press & \ I & #F14 introduction to
AR AR IR Resting State fMRI

. . . . Functional Connectivit
Free material available on primer website: http:// y

WWW.Nneuroimagingprimers.org/

Please consider writing a book review on Amazon

OOOOOOOOOOOOOOOOOOOOOOO

Introduction to
Perfusion Quantification
using Arterial Spin Labeling

Introduction to
Neuroimaging Analysis

Janine Bijsterbosch
Stephen Smith
Christian Beckmann

Series editors:
Mark Jenkinson and Michael Chappell

Mark Jenkinson Michael Chappell
Bradley Macintosh

Thomas Okell

Michael Chappell



http://www.neuroimagingprimers.org/
http://www.neuroimagingprimers.org/

That’s all folks

3 JS l .&lv
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