Resting state fIVIR|
and |CA

ESMRIFIICA

Resting state fMRI (58 275MRI)

Independent Component Analysis (ICA)
(JBIZR D D)

Single-subject ICA clean-up (EE#¥AICAZKIR)

Multi-sulbject ICA and dual regression
(ZAEARICAFIRNE])3)

PXERE: BREATT LIS



Resting state methods

ICA

Multivariate voxel-based

approach
BETRENZLZERE

Finds interesting structure In

the data
F AR ARSI

Exploratory “model-free”

method
RR MR TAERL 535

Spatial approach
S

Network modelling mzzm

Node-based approach (first
need to parcellate the brain
into functional regions)

ETTRIASE (BRFERAMD AAERY
THREX 1))

Map connections between
specific brain regions
(connectomics)
FTEMX 2 BpERENE (OFRE=x)

Temporal approach
i [B) 262



FMRIB’

Resting state fMRI

FEESTMRI



Model-based (GLM)
analysis

ETEE (GLMAY) otf

By +

- Model each measured time-series as a linear combination of
signal and noise e riERIIEENESTRENETAS

- If the design matrix does not capture every signal, we
typically get wrong inferences! mgigitEmEsEmErEMES, RIVBE

=1FEEERAIHIE



Data Analysis

Confirmatorymsees EXploratorymzis

- "How well does my - “Is there anything
model fit to the data?” interesting in the data®?”
(FAIIEEL S BRI LB 01T ) (BB A AEBINRFID? )

Problem =» Data = Problem =» Data =
Model =» Analysis Analysis =» Model

=» Results =» Results
- results depend on the - can give unexpected

model szamzrren results swsmezsinzs



-FMRI Inferential path

fMRIFIEEEZ
| Experiment s
Interpretation m m
- H BEH BN
of final results E = = ShySiol
BERALSR HE E = ySIOIOQY ==
S \

= B HEMZGLZERIN
¥ “'“Eil_.'?&"r’GEN

~NYSICS I\/IRfWJIE/




Variability in FMRI

fMRIBNZ

=Xperiment

suboptimal event timing, PN ESNEH AL |8
inefficient design, etc.Fo3{AYIR1T dhysiology

secondary activation, ill-
defined baseline, resting-
fluctuations etc.

R HE, BEA IR, &

ISV

filtering & sa artefacts, B .
design mlsspe%fp@& J§ stats & M ?IIR hYSICI\S’IRuEI=
thresholding issues etc. B NOISge R M
K. I, designitfigig,g field inhomogeneity, #ls T12)

—y=/L

4 = DA
S D P MR artefacts etc. MR{h&235




FMRIB’

Independent Component
Analysis

IR 7D ot



Model-free”? xizsan»

ol

There is no explicit time-series model of assumed “activity
=8 BRI RIS BUE RIRT Bl AR AL



Model-free”? xisan-

original
data
[ prior
voxel-wise " infor-
(temporally) variance- mation
X — pre-whitened > normalised
F o data data
esti-
mate
- spatially || PPCA [
noise . 3 )
estimate | T | Whitened je—r ) R 1<
____li model order
unmixing |
IC
maps
] ipi I ]
Y=SA +E, where E,~N(O, cryl)
standard
.| deviation
of i
PICA
map

There is an underlying mathematical

(generative) model
BRI E (FRk) 1REY




Decomposition techniquess e

- try to ‘explain’ / represent the data (d&Em@Es&TEUE)

- by calculating quantities that summarise the data
BT ISR =

- by extracting underlying ‘hidden’ features that are
'Interesting’  BITIRERHB RIS PR T

— differ in what is considered ‘interesting’ “&& 19E X &

- are localised in time and/or space (Clustering)
RETIEF/E=E (RED)

- explain observed data variance (PCA, FDA, FA)
R RN AIEE R

- are maximally independent (ICA/&AEEH RIS



Melodic

multivariate linear decomposition: Z 447 E




Melodic

multivariate linear decomposition: Z 447 E

1 FMRI data




Melodic

multivariate linear decomposition: Z 447 E

components space

spatial
maps

1
swn

l FMRI data

|

SoSJNO0D
GLU!J
X
syusuodwod

E




Melodic

multivariate linear decomposition: Z 447 E

components space

_)4

1 FMRI data — l

a o
3 0 o % spatial
c 5| X3 P
>3
§ 5 2 maps

:
Data Is represented as a 2D matrix and

decomposed into components
SURIREE (L 2B P D BB D




Melodic

multivariate linear decomposition: Z 447 E

Y = X X B

Data Is represented as a 2D matrix and

decomposed into components
SURIREE (L 2B P D BB D




What are components?#+42m5?

- express observed data

as linear combination

of spatio-temporal

Drocesses

B A - TSN TR Z AN

2| Y
-

- techniques differ in the
way data is
represented by

components
RARZRIBIS T @I RO R TR



Spatial ICA for FMRI

fMRIBYZS [8]ICA

awn

space ComPOnentS space
ﬁ ﬁ
5 S
= ré o | y 8 )
FMRI data 3 = > spatial maps
; >

- data iIs decomposed into a set of spatially

iINndependent maps and a set of time-courses
MUEAR S R B — 425 18T R U A — BR8] 51

=2 McKeown et al.

5 HBM 1998




FMRIB’

Independence
JRNL RN 7



PCA vs. ICA 7

Simulated

Data
EIAEE
(2 components, slightly

different time courses)
2N, REFEFIREARE

\_




(2 components, slightly
different time courses)

\_

Simulated

Data
1 B3

2R, WEFRIIBEEARE

PCA vs. ICA 7




Simulated

Data
EIAEE
(2 components, slightly

different time courses)
2N, REFEFIREARE

PCA vs. ICA 7

|
|

VAN

-
( PCA
e Timecourses

orthogonal
RIEIERTINESS

* Spatial maps and
timecourses

“‘wrong’ =g E g e
\ BFIEE
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- IC 2 time course

— IC 1 time course




PCA vs. ICA 7

Simulated

Data
EIAEE
(2 components, slightly

different time courses)
2N, REFEFIREARE

L oo )
- PCA m e
e Timecourses Zfiw\ m m m m /\ m /v\
orthogonal U U \J U U \_/ o \«/ \_/ \
B E]EFIERR
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* Spatial maps and
timecourses

“‘wrong’ =g E g e
\ BFIEE

f ICA

e Timecourses
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IE2ZE|353 s

* Spatial maps and
timecourses

“right” =g
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PCA vs. ICA

 PCA finds projections of

[

maximum amount of variance
in Gaussian data (uses 2nd

order statistics only) !
PCA X SRR I ERZ HEERN i
8 ((UER MLt |

N
T

(Gaussian data



PCA vs.

 PCA finds projections of
maximum amount of variance
in Gaussian data (uses 2nd
order statistics only)

* Independent Component
Analysis (ICA) finds projections
of maximal independence in
non-Gaussian data (using
higher-order statistics)
MITE D oM (ICA) EIEESEUREH
FHREAEERIINFES (FRSHM
GiIT 23R

|CA

5

non-Gaussian
data



Correlation vs. independence

* de-correlated
signhals can still be
dependent

Q-u

R

hi
Sl

HRXAURL D 12 PT BEZ AR IR AY

gher-order
atistics (beyond

\ —_—
| \
Plot x vs.y

o _ o sy 1=0.000

0 _

o
N
£ o |
n o
>~ 10

Q]

|
T
[ [ [ [ [

mean and variance)
can reveal these
dependencies

SMEITER

A] BAB R IX EERRR R 2R

Stone et al. 2002

(BHHMEN A ZE)

-10 -05 00 05 1.0

x =cos(z)

high order correlations

- - r=-0.118

0.0 0.5 1.0 1.5



ESHY

Non-Gaussianity::

'm' el *m
8ot

SOUrCes

s

e g L
ho s o

mixtures
JB A

/EE 3/

-



Non-Gaussianity
A J\
1 i
||

I

non-Gaussian (Gaussian
FEIEES S



|CA estimation

® Random mixing results in more Gaussian-shaped

PDFs (Central Limit Theorem)
BB AT A E LB ROBERESES®H (hRIRREE)

® conversely: &

if mixing matrix produces less Gaussian-shaped

PDFs this is unlikely to be a random result
ISR AEM NS IR RERD, XA SRR

B measure non-Gaussianitymgaerasis

® Ccan use neg-entropy as a measure of non-
Gaussianity a1 sEE N IEES A E B84

:i;| Hyvarinen & Oja 1997



|CA estimation

need to find an unmixing matrix such that the

dependency between estimated sources Is minimiseds
BT — DS ETSORIE S R SR TR S 1M

need (i) a contrast (objective/cost) function to drive the
unmixing which measures statistical independence and

(i) an optimisation technique:
T () Wt (BAWAA) THAERIREhIBSEITImTI I RIRRITITRE (i) HHARIRAR

kurtosis or cumulants & gradient descent
1§ RIR BB T

maximum entropy & gradient descent
BN QIR

neg-entropy & fixed point iteration
175 8 A



FMRIB’

Overf‘ttlng & thresholding

o EIE &H1E




The ‘overfitting’ problem
U IS 0]
fitting a noise-free model to noisy observations:

B RFE RIS R IRFEIMLER -

- no control over signal vs. noise (nhon-interpretable
results)siizesesenans (FomBnER)

- statistical significance testing not possible
TR TS BB MR

GLM analysis standard ICA (unconstrained)




Probabilistic ICA model

HEER ICA & HY
statistical “latent variables”™ model: we olserve linear
mixtures of hidden sources in the presence of Gaussian
NOISE it BT 8 HE: EEHREEHENERT, BITMNBIERENL RS

components space

Ol EMRI data _— ® spatial maps —|— nO|Se

Y

i;xuauodwoo

I
I
|
|
wi

B + E

I
>

ISsues:

- Model Order Selection: how many components?

RELAE: 2D TEDEE?

- Inference: how to threshold |Cs?amassmirmisiasma?



I\/\ode\ Order Selection

OW many components’?

under-fitting: the amount
of explained data

variance is insufficient to
obtain good estimates of

the signals
HMATRE: BRIOKRIESZEBRENRE
(ESHRFEITE

over-fitting: the inclusion of
too many components leads
to fragmentation of signal
across multiple component
maps, reducing the ability to

identify the signals of interest
#FMA-@atymﬁg%ﬂ%¢& I RIS
WAL, BEIRBIRRIE S 1A

<kl optimal fitting: the amount of
explained data variance is sufficient
to obtain good estimates of the
signals while preventing further splits

into spurious components
SENE: BRIONESZHERMUFREESHNRITET
8, BRBLEE SRS TRRS




Model Order Selection

optimal fit

over-fitting

o 50 100 150
#components

—— oObserved Eigenspectrum of the data covariance matrix
Laplace approximation of the posterior probability of the model order

=-=' theoretical Eigenspectrum from Gaussian noise



Model Order Selection

optimal fit

over-fitting

o 50 100 150
#components

—— oObserved Eigenspectrum of the data covariance matrix
Laplace approximation of the posterior probability of the model order

=-=' theoretical Eigenspectrum from Gaussian noise



Model Order Selection

optimal fit

over-fitting

o 50 100 150
#components

—— oObserved Eigenspectrum of the data covariance matrix
Laplace approximation of the posterior probability of the model order

=-=' theoretical Eigenspectrum from Gaussian noise



Thresholding
IXF1E

raw Z transformed IC map (1 - 99 percentile)

Mixture Model probability map

thresholded IC map  alternative hypothesis test at p > 0.5

¢ 88




Thresholding

IRI)1E

- classical null-hypothesis

testing Is invalid
2RI TN

right tail

- data Iis assumed to be a
liInear combination of

signals and noiseszx ez
HIESHIREHLIES

- the distribution of the
estimated spatial maps | ,\
is a mixture distribution! | L= o __

(T BE G hEES D



Alternative Hypothesis lest

1IC_1 GGM(3) fit

— 0.1& 4.1‘ -1 .5
- 0,727 4.57 0.372
— 0.853 0.07377 0.07339

-3 0 3 6 9

- use Gaussian/Gamma mixture model fitted to the histogram of
intensity values (using EM) emssvmmsasmnaneasaesE



What about overlap®

BEEATN




What about overlap®?

BE RN ICA after

. .
SOUI”CGS thresholdin
BHEIE

solution
|CA5LHEF

Sourcess




FMRIB’

ICA cleanup

ICA iR /518



Artefact detection

apaiopll

- FMRI data contain a variety of source processes
FMRI ZUE 8 2 Z MR LI

- Artifactual sources typically have unknown
spatial and temporal extent and cannot easily be
modelled accurately
lFEE BB RN AN ESEE, FEASZERER

- Exploratory techniques do not require a priori

<nowledge of time-courses and spatial maps
REERAANFTES L 7B EFRIIF=EEIR




FSLeyes Melodic Mode

Red-Yellow v

Lightbox View 1

@0 ) 5 (R
»p B @0 60 &

o
%
<>

Blue-Light blue v

Melodic IC classification

Unclassified noise

Components | Labels

IC # | Labels
L @ Unclassified noise
m M M " e 2 Unclassified noise
y | y. ) ‘.p 4 3 ] A ¥ | Unknown
' ! L ) : 4 4 [ x| unclassified noise
z @ Unclassified noise
& Unknown
7 E Unclassified noise
8 @ Unclassified noise
= E] Unclassified noise
10 Unknown
E Unclassified noise
. @ Unclassified noise
e E Unclassified noise
14 E Unclassified noise
e @ Unclassified noise
16 E] Unclassified noise
E Unclassified noise
18 E Unclassified noise
1 @ Unclassified noise
Load labels Save labels Clear labels
Overlay list Location
Coordinates: Scanner anatomical  Voxel location
v B & | ® melodicic ~ 52 ~
= . mean
& @ mean s 52 v [525232): 7790.45556641
Volume i
Time series 2 Power spectra 3
= By 28 — Plotting mode = By 28 —
ﬁ —— @ ""'\v" .“‘\N’- + Norr o sealing/oftse s ﬂ — @ M’\; M’\,ﬂ +
IJUUUU
55 melodic_IC [component 11] melodic_IC [component 11]
i -100000
-0.0
50000
=25
-0
L _5 OO 200 gocseconds 600 800 0.0 0.1 0.2 0.3 0.4
| | 1 1 [} 1 | 1 [} [}




Lightbox View 1

L @ @

Unclassified

noIse

'l

|ON 3

Red-Yellow v

Blue-Light blue v

Melodic IC classification

Components | Labels

IC # | Labels

@ Unclassified noise

Unclassified noise

Unknown

E Unclassified noise

@ Unclassified noise

Unknown

E Unclassified noise

@ Unclassified noise

E] Unclassified noise

Unknown

E Unclassified noise

@ Unclassified noise

E Unclassified noise

E Unclassified noise

@ Unclassified noise

E] Unclassified noise

E Unclassified noise

E Unclassified noise

Load labels

@ Unclassified noise

Save labels Clear labels

Overlay list Location
Coordinates: Scanner anatomical  Voxel location
v B & | ® melodicic ~| |52 z
. z mean
& @ mem s 52 2| [52 52 32]: 7790.45556641
Volume |10 :
Time series 2 Power spectra 3
= B> 28 = By I
ﬁ = @ MR | + - 2 ﬂ = @ LAY + —
1JUUUU
s melodic_IC [component 11] melodic_IC [component 11]
i -100000
-0.0
50000
=25
-0
__5'00 200 gocseconds 600 800 0.0 0.1 0.2 0.3 0.4




cardiac um

Lightbox View 1

@ 3 Opacity v
. -~ X ) Contrast Max ~ | Cm
S s 2 B oo | v

L @ e ® 8 . s

Unclassified noise

Melodic IC classification

Components | Labels

x| dignan
B [ x | unciassified noise
50 E Unclassified noise
3. M Unclassified noise
52 % | Signal
& Unclassified noise
. Unclassified noise
= [Z] Unclassified noise
. m Unclassified noise
57 % | Signal
58 Unknown
59 % | Signal
6o Unclassified noise
3 Unclassified noise
62 [Z] Unclassified noise
o2 % | Signal
64 E Unclassified noise
= x| Signal
66 % | Signal
£ Unclassified noise
Save labels Clear labels
Overlay list Location
Coordinates: Scanner anatomical  Voxel location
v B & @ melodicIC e o
& @ mean s 52 " [g'czasnz 32]: 7790.45556641
Volume |66 i
Time series 2 Power spectra 3
ﬁ g @ B'«X V' ! ':V['j + - & ﬂ § @ t'fj-«?\« -«"‘.\F + _‘
4 melodic_IC [component 67] melodic_IC [component 67]
5 10000
-0 5000
= _2 | o
0 200 4ocseconds 600 800 0.0 0.1 0.2 0.3 0.4
1 i \ \ 1 1 i i 1 1




susceptibility motion wwszsumsss

Lightbox View 1

® 0=
Lo [ @ ® &8 .

Red-Yellow v

[
<>

Blue-Light blue v

Melodic IC classification

Components | Labels

IC # | Labels
L E Unclassified noise
2 E Unclassified noise
3 ¥ | Unknown
4 E Unclassified noise
z E Unclassified noise
& ¥ | Unknown
! [ x | Unciassified noise
8 [ x | Unciassified noise
- [ x | Unciassified noise
0 ¢ | Unknown
E Unclassified noise
2 E Unclassified noise
e E Unclassified noise
1 E Unclassified noise
e E Unclassified noise
16 E Unclassified noise
E Unclassified noise
Load labels Save labels Clear labels
Overlay list Location
Coordinates: Scanner anatomical Voxel location
v B & | ® |melodicic o = [101 ~
N - mean
B & @ mem - 2 101732100
17.38786 2| |32 »
Volume |3 s
Time series 2 Power spectra 3
— > 28 EoRgy baccs — B> 28
ﬁ — @ MW M + T | Normal - no scaling/oftse 2 &’9 — @ MW M + T
&l
melodic_IC [component 4] 150000 melodic_IC [component 4]
-2
-100000
-0
50000
-—2
-0
-—4 G Z0U e OUU ouU 0.0 0.1 0.2 0.3 0.4
1 } 1 1 1 1 1 1 ] 1




Multibandzsps

Lightbox View 1

Min. | - PN
relogic IC ——— Brightnass | 3 - ed-Yellow
@ @ — o Y (g
. A Contrast Max. | 10 ~| | C )
SUIGL valume v - v Blue-Light blue v
Zoom J————

o B ® e 6 a‘i"

Melodic IC classification

Y - g FEm &
E o Components | Labels
P - - - K 5 24 E Unclassified noise
L o< . - - ' 28

[ x | Unciassified noise

2 [ x | Unciassified noise

[ x | Unciassified noise

[ x | Unciassified noise

[ x | Unciassified noise

= [ x | Unciassified noise
. [ x | Unciassified noise
= [ x | Unciassified noise
36 x| signal

i [ x | Unciassified noise
8 [ x | Unciassified noise

[ x | Unciassified noise

40 Eundasmednolse
&2 Eundasmednolse
4z Eundasmednolse
i Eundasmednolse
a4 [+ | Unclassified noise
Overlay list Location -
- & ° e i Ljijrie;ja Scanner a'walorr‘ucz:l ‘iczxel Iocahoiw melodic. IC
B & @ mean 126.9232 2|7 " gga;swls 0.0
Time series 2 Power spectra 3
O = BN A F e 2 L = @ %" &+ -
B melodic_IC [component 43] 1209 melodic_IC [component 43]
10000 {
Iljw ”"‘”““”V Ha{i ]W |“J I.\fllh I WWIIH||IH~, |H| .l'” \' ,#\hw“‘“l;lw Iul,
Al i kil "3 w L M il "M il | NLLATRO T
9 290 400;econds L0 0.'.0. ,p(,),.ll . M UV 0}2 WU =MAL 1013 At o|4




Lightbox View 1

A
v

& @ ® a8 .

Red-Yellow v

B occovee | v

'l

<> <>

Melodic IC classification

Components | Labels

75 Signal

7 [ x| unciassiied noise

w E Unclassified noise
78 E Signal
79 Signal

80 E Unclassified noise
&1 E Signal
82 E Unclassified noise
83 [ x| signal
g4 [ x| unciassified noise
85 Signal
g6 E Unclassified noise
£4 [ x| unciassified noise
88 Signal
e E] Unclassified noise

%0 (x| signal
o1 Signal
% Signal
) (x| signal
84 Signal
= Signal

6 [« | Unclassified noise

Load labels Save labels Clear labels
Overlay list Location

B & | @ |melodicic

Coordinates: Scanner anatomical  Voxel location

~

v : .
B & @ mean Cee z E?at?s 25): 8416.79785156
Volume |4 :
Time series 2 Power spectra 3
= By 28 i — B ~8
ﬁ = @ m\p A + - Normal - no sealingfoffse s ﬂ = @ M\p A + _
4 melodic_IC [component 95] ' 35000 melodic_IC [component 95]
-2
20000
0 ‘ ‘ ' ‘ L 10000
-—2 | ! " =)
. 0 200 4ocseconds 600 800 0.0 0.1 0.2 0.3 0.4
- - - - - - 1 1 1 1 1




effects of scan parameterS:amss s

Lightbox View 1

h - A . Contrast Max. | 1g o

Red-Yellow v

'l

L
2 Contrast v i - Blue-Light blue v

Melodic IC classification

Components | Labels

= [E Unclassified noise
6 [E Unclassified noise
/ [E Unclassified noise
8 z\ Signal
1 z\ Signal
20 E Unclassified noise
2l T\ Signal
2 T\ Signal
= T\ Signal
2 Unknown
zE E Unclassified noise
% [ x| unciassified noise
27 T\ Signal
28 T\ Signal
2 ¢ | unknown
[ x| unciassified noise
3 T\ Signal
32 T\ Signal
B X | Unknown
34 L‘ Signal
35 L‘ Signal
Load labels Save labels Clear labels
Overlay list Location
Coordinates: Scanner anatomical  Voxel location
- B & @ |meldicic ~ls -
] & @ mean " » {gc‘z;'nsj: 0.0
Time series 2 Power spectra 3
&= @ % |40+ | — & =@ % L+ —

B melodic_IC [component 24] = 2000 melodic_IC [component 24]

-2

Lo 1000

L o

| _4 0 5.0 l(l)O 1_’?0 secondSZ(?O 2?0 3(?0 35|0 0.90 0.(|)5 0.|10 0.[15 0.]20 0.I25




manual classifications:

1) SPATIAL MAP

START

Clearly RS
(sub)network/
node?

yes

2) TIME SERIES

Smooth /
regular?

yes

Low
frequency
only?

3) POWER SPECTRUM

Is any of the
following
predominant?

a.0verlap brain

no boundaries

b.Overlap vessels

c.Overlap CSF

d.Overlap WM

e.Alternating slices

f. Alternating positive/
negative clusters

g.Overlap EPI dropouts

Is any of the
following
present?

NO |a. Sudden jumps
b. Sudden change
of oscillation
pattern

yes

High frequency
only?

INNOCENT
(SIGNAL)

LACK OF EVIDENCE

(UNKNOWN)
Most likely...
* Aclear mix of signal and noise
* Neither clearly signal nor clearly noise

Most likely...

a.Motion

b.Physiological noise
(veins/arteries)

¢.CSF pulsation

d.WM

e.MRI-related
(multiband)

f. MRI-related

g.Susceptibility

Most likely...
Motion or MR-
related

(check motion
parameters)

Ik
|
N
d\
-
\|\|-
VS

Griffanti et al (2016).
https://doi.org/10.1016/j.neuroimage.2016.12.036


https://doi.org/10.1016/j.neuroimage.2016.12.036

seml- automatlc classification
jJ/\7




seml—automatlc classification
jJ/\7

o FIX (fsl.fmrib.ox.ac.uk/fsl/fslwiki/FIX)

o (Classifier with many featuresasirz sy s
* Requires manually labelled training datazz=ameusse

* 99% accuracy on high-quality datasmesug 99% mse=


http://fsl.fmrib.ox.ac.uk/fsl/fslwiki/FIX

seml—automatlc classification
jJ/\7

o FIX (fsl.fmrib.ox.ac.uk/fsl/fslwiki/FIX)

o (Classifier with many featuresasirz sy s
* Requires manually labelled training datazz=ameusse
* 99% accuracy on high-quality datasmssuz 99% mem=

e |CA-AROMA (github.com/rhr-pruim/ICA-AROMA)

* Simple classifier with only 4 features

(VAT 4 MIHRERE RS X
* No training data requiredx=siissuz

Mainly designed for motion artefactszzms s


http://fsl.fmrib.ox.ac.uk/fsl/fslwiki/FIX
http://github.com/rhr-pruim/ICA-AROMA

FMRIB’

Multi-subject ICA

ZEILICA



Different ICA modelS s

( [ ] [ ]
Single-Session ICA - S ey -
B ERICA | : _
each ICA component comprises: EMRI data - b i spatial maps
M spatial map & timecourse -
- S MCARS BIEE AR AR EF7 mi—
g
( . . . . space - » - ) components space -
Multi-Session or Multi-Subject ICA: 3 |
Concatenation approach MRldata 1 | — X ' spatial maps
ZINER/ZIRICA BT IE Y Y
each ICA component comprises: ; :
* spatial map & timecourse ) -
(that can be split up into subject-specific ' FMRI data 2 '
/L o
chunks) Eaceececiceiner . .
SMCARS BESEENN ARSI (FIAES vt EaRR) - o
g
4 . . . .
Multi-Session or Multi-Subject ICA: P somponerfs
space ‘,\.;0\’ 7 ,/ .
Tensor-1CA approach e = S
SR ZIIRICA KE-ICAT A 5[ R 8 =
each ICA component comprises: Awﬁ\t = 3 — § spatial maps
[ spatial map, session-long-timecourse FMRI data ! ’

B TICAR D B 5 = (8] B AR (8] 5 71 LA e 4120 58 2 [

& subject-strength pIotA -




Different ICA modelS s

Single-Session ICA

B ERICA
each ICA component comprises:

spatial map & timecourse
B MICAR D BEES B B AT (] 75

space

FMRI data

awn

comEncnts

space
o

spatial maps

S IUSUOTW00

i —

Multi-Session or Multi-Subject ICA:
Concatenation approach
ZMER/ZWIRICA BEAFE
good when:
each subject has DIFFERENT timeseries

e.g. resting-state FMRI
EATEM LA EINREFIIR, 5 RESMRI

awn

FMRI data 1

FMRI data 2

auwn

aun)

components

space
S ol

sivauodwoo

i —

spatial maps

Multi-Session or Multi-Subject ICA:
Tensor-1CA approach

SR/ ZWIRICA SKE-ICAFIE
good when:
each subject has SAME timeseries

e.g. activation FMRI

FMRI data

auwn

sSpace

SIUSUOTLLIOD

' spatial maps

ERTFENMREHERBNE RS, WEEMRI




Concatenated |CA=sca

- (Concatenate all subjects’ data temporally =wmarssmsmnme
- Thenrun ICA #=afica

- More appropriate than tensor ICA (for RSNS) wasica ssFrsn) =4

awn

awn

voxels #components voxels
3+
=3 8
3 3
. 0Q 3
Subject | = 3 | X 3 group ICA maps
3 C :
o
S, 3
X X
Subject 2 =




Resting state multi-subject ICA

B S Z i ICA

- Why not just run ICA on each subject separately”
N AARRNEF TN D B1E1TICA?
- Correspondence problem (eg RSNs across

subjects) smmm (EImEsEtIRSN)

- Different splittings sometimes caused by small
changes in the data (naughty ICAl)

BRNHTEEENF N MSRABN S R (FRAIICAL )
- Instead - start with a “group-average” ICA

- But then need to relate group maps back to the

individual subjects fR-A BT ICATTH
(B S BB SR T ERSE R T




Resting state NetworkSuess:

Default Mode Network

&
ole




Resting state multi-subject ICA

57 B ZRILICA

Group ICA map




Dual Regressionsyass

Two steps that both involve
Multiple regression:

a5 N ESEIVEE

1. Extract subject timeseries
I B BT 55

2. Extract subject maps
IR EN RS B




awn

voxels

| ©IEP A4

awn

S|OXOA

Dual Regressionsyass

#components time
3
e S :
A 3 time
O X % courses |
L= 2
@
>
3
b
o
wn
voxels
FMRI data |

1.

Regress group maps into
each subject’s 4D data to
find subject-specific
timecourses

EAA RIS MR A4DEEF RIS S RIL AT 8 F
2.

Regress these timecourses
pack into the 4D data to
find subject-specific spatial

MaPS  ygixuend ez 5IEIAEI4DE RS,
IS e 335 2 )

#components voxels

awn

| S9S4n0Od

spatial maps |

ouwin
X
syusuodwod#




Dual Regressionsyass

Group ICA map




Running dual_regressioNzsnwa:a

e OO0 N beckmann — bash — bash — 142x23 "

[islay:™] dual_regression.sh
dual_regression v8.5 (beta)
**¥NOTE*** ORDER OF COMMAND-LINE ARGUMENTS 1S DIFFERENT FROM PREVIOUS VERSION

: dual_regression <{group_|C_maps> <des_norm> <{design.mat> <design.con> <n_perm> <output_directory> <inputl> <input2> <input3>
dual_regression grouplCA.gica/groupmelodic. ica/melodic_IC 1 design.mat design.con 588 grot “cat grouplCA.gica/.filelist”

<{group—|C_maps_40> 40 image containing spatial IC maps (melodic_IC) from the whole-group ICA analysis

{des_norm> B or 1 (1 is recommended). HWhether to variance-normalise the timecourses used as the stage-2 regressors
<{design.mat > Design matrix for final cross-subject modelling with randomise

{design.con?> Design contrasts for final cross-subject modelling with randomise

{n_perm> Number of permutations for randomise; set to 1 for just raw tstat output, set to 8 to not run randomise at all.
<output_directory> This directory will be created to hold all output and logfiles

<inputl?> <input2> ... List all subjects' preprocessed, standard-space 40 datasets

{design.mat> <design.con?> can be replaced with just
=1 for group-mean (one-group t-test) modelling.
|f you need to add other randomise option then just edit the line after "EDIT HERE" below

SEICTEN |

 FSL command line tool, combining:rsLe<3TR, A5

* DR to create subject-wise estimates (stage 1 + stage 2)
SREIFBIERNMAKTAIEITE (MERT +BHER2)

o (Group comparison using randomise (stage 3)  _ _ X
+ fandomisext 1T LER



Group comparisonaxeis

- Collect maps and perform voxel-wise test (e.g.

randomisation test on GLM) | ) |
K E B FTAEAKTNE (FIR, EGLMEFTREHLANI)

voxels HEVs voxels

H
m
<
(%]

X group difference

s103lqnsy

collected
components

s303lgnsy

- Can now do voxelwise testing across subjects, separately

. I A LA BN E IR B /K EICAE]
for each original group ICA map S T

- Can choose to look at strength-and-shape differences
ALUEIRE S Z SR EFALA



Group analysis on Maps =uEenasi

8 OO

Higher-level { non-timeseries design — |

N\ GLM Setup

# inputs IZD —

Wizard | Save | Load | Exit | Help |

Input 1
Input 2
Input 3
Input 4
Input 5
Input B
Input 7
Input 8
Input 3
Input 10
Input 11
Input 12
Input 13
Input 14
Input 15
Input 16
Input 17
Input 18
Input 19
Input 20

X| General Linear Model

EVs ] Contrasts & F-testsl

MNumber of main EVs |2 =

Number of additional, voxel-dependent EVs IU =

Paste |

Group EV1 EV2

|group A |group B
LT L
L L [
L L [
LT L
L LI [
LT L
L L [
LT L
L L [
1 B = 0 3
2 H 0 3 7 H
2 H 0 3 I
2 F (T 1 B
2 H 0 3 7 H
2 0 3 1 B
2 H 0 3 1 H
2 0 3 1 B
2 H 0 3 1 H
s 0 3 me
2 (I T B
View design Efficiency ||

R I )

c2
c3
c4

O O X\| Model

group A group B

group A > group B -1
group B > group A -1 1
group A mean 1 0
group B mean 0 1

- can use the Glm tool (GIm_gui on mac) to create GLM
design and contrast matrices

P BMERGIMIA

(ZEMac_ERAGIm_gui) FBIZEGLMS;

SITAIXI LEAE RS



Dual regression outputss

e dr_stagel_subject[#SUBJ.txt - the timeseries
outputs of stage 1 of the dual-regression.
XX [Bl)3 55— ExAYET (8] 77 1B

| e3P Y4 | &

I3V %0

ooooooooooo

o .
S time courses




Dual regression outputSwayass:

e dr_stagel_subject[#SUBJ.txt - the timeseries
outputs of stage 1 of the dual-regression.

TR 5111 55— ER 0BT 18 R )4 Hh | H oa| 1| e cowses

Z2l= [32|x"|__
- o
e dr_stage?_subject[#SUB]J.nii.gz - the spatial Sy @ %

maps outputs of stage 2 of the dual-regression. i >

XX [alY358 R ExrY =S 8] (&4
FMRI | =| 25 | | spatial
data | 5 e maps |




Dual regression outputSwayass:

e dr_stagel_subject[#SUBJ.txt - the timeseries
outputs of stage 1 of the dual-regression.

TR [E]J3 S — B ER A B 18] B 5140 4 3| B ea| 1 |mecouses
2l |38|x’|
- o
e dr_stage?_subject[#SUB]J.nii.gz - the spatial Sy @ %
maps outputs of stage 2 of the dual-regression. i >
XX [alY358 R ExrY =S 8] (&4
e dr_stage?_ic[#ICA].nii.gz - the re-organised
parameter estimate images
(HITEIBERRIEEZ = ,
| FMRI | =| €5 | | spatal
daa | | | 7 maps |




Dual regression outputSwayass:

e dr_stagel_subject[#SUBJ.txt - the timeseries

outputs of stage 1 of the dual-regression. o R I
XX [Bl)3 55— ExAYET (8] 77 1B 2 2| o % | tme courses
Z2l= [32|x"|__
- o
e dr_stage?_subject[#SUB]J.nii.gz - the spatial Sy @ %
maps outputs of stage 2 of the dual-regression. i >
XX [alY358 R ExrY =S 8] (&4
e dr_stage?_ic[#ICA].nii.gz - the re-organised
parameter estimate images
(HITEIBERRIEEZ = ,
| FMRI | =| €5 | | spatal
: . datal | | &° maps |
e dr_stage3d_ic[#ICA]_tstat[#CON].nii.gz - the

output from randomise

1E2 B i I randomise 46 &



Dual regression outputss

e dr_stagel_subject[#SUBJ.txt - the timeseries
outputs of stage 1 of the dual-regression.
XX [Bl)3 55— ExAYET (8] 77 1B

e dr_stage?_subject[#SUB].nii.gz - the spatial
maps outputs of stage 2 of the dual-regression.
XX [Bl)3 56 Z M Ex A9 == 8] B4

e dr_stage?_ic[#ICA].nii.gz - the re-organised
parameter estimate images

(ITEIERNEZE SN

e dr_stage3d_ic[#ICA]_tstat[#CON].nii.gz - the
output from randomise

1E2 B i I randomise 46 &

(corrected for multiple comparisons across voxels

but not across #components!!)
TR RKF I Z B LEBRIEM A Z A D KF

| €IEP [HIANd

FMRI
data |

AN L]
o]l)3 B9 %60
#Hcomponents time
&
wm | 2
8 % time CIOUFSES
3 c
o O
'8 —_
Q
>

ooooooooo

ts

| $9s4n0d
awn

spatial
maps |




Group template maps:asixe=

e (Generate from the data using
ICA  mmicaAnsuEER

e use all data to get unbiased

templates
{5 F T SRR EN T IR AOAEAR

template RSNs

http://www.fmrib.ox.ac.uk/analysis/research




Group template maps:asixe=

e (Generate from the data using
ICA  mmicaAnsuEER

e use all data to get unbiased

templates
{5 F T SRR EN T IR AOAEAR

e use independent control
group  {EmImINERA

* will model signals and
artefacts nsempe e

template RSNs

http://www.fmrib.ox.ac.uk/analysis/research




Group template maps:asixe=

e (Generate from the data using
ICA  mmicaAnsuEER

e use all data to get unbiased

templates
{5 F T SRR EN T IR AOAEAR

e use independent control
group  {EmImINERA

* will model signals and
artefacts nsempe e

o template RSNs
* Use e><|8t|r1g template {ERIEER http://www.fmrib.ox.ac.uk/analysis/research




A The book:

Introduction to

Resting State fMRI
Functional Connectivity

Janine Bijsterbosch
Stephen Smith
Christian Beckmann

Series editors:
Mark Jenkinson and Michael Chappell

OXFORD




That’s all folks




