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Model-free Functional 
Data Analysis

• decomposes data into a set of statistically 
independent spatial component maps and 
associated time courses

• can perform multi-subject/ multi-session 
analysis

• fully automated (incl. estimation of the 
number of components)

• inference on IC maps using alternative 
hypothesis testing

MELODIC
Multivariate Exploratory Linear Optimised 

Decomposition into Independent Components
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The FMRI inferential path
Experiment
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The FMRI inferential path
Experiment

MR PhysicsAnalysis

PhysiologyInterpretation 
of final results
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Interpretation 
of final results

Variability in FMRI
Experiment

MR PhysicsAnalysis

Physiologysuboptimal event timing,
inefficient design, etc.
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Interpretation 
of final results

Variability in FMRI
Experiment

MR PhysicsAnalysis

Physiology

MR noise,
field inhomogeneity,
MR artefacts etc.

filtering & sampling artefacts, 
design misspecification, stats & 

thresholding issues etc.

suboptimal event timing,
inefficient design, etc.

secondary activation, ill-
defined baseline, 

resting-fluctuations etc.
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Data Analysis

• “How well does my 
model fit to the data?”

• results depend on the 
model

Problem Data

AnalysisModel

Results

Confirmatory
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Data Analysis

• “Is there anything 
interesting in the data?”

• can give unexpected 
results

Exploratory

Problem Data

Analysis Model

Results

• “How well does my 
model fit to the data?”

• results depend on the 
model

Problem Data

AnalysisModel

Results

Confirmatory
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EDA techniques

• try to ‘explain’ / represent the data

• by calculating quantities that summarise the data

• by extracting underlying ‘hidden’ features that are 
‘interesting’
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• are localised in time and/or space (Clustering)

• explain observed data variance (PCA, FDA, FA)

• are maximally independent (ICA)
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EDA techniques

• try to ‘explain’ / represent the data

• by calculating quantities that summarise the data

• by extracting underlying ‘hidden’ features that are 
‘interesting’

• differ in what is considered ‘interesting’

• are localised in time and/or space (Clustering)

• explain observed data variance (PCA, FDA, FA)

• are maximally independent (ICA)

• typically are multivariate and linear

6Thursday, 21 July 2011



EDA techniques for FMRI

• are mostly multivariate

• often provide a multivariate linear decomposition:  

space
# m

aps=

tim
e Scan #k 

FMRI data
spatial maps

tim
e

# mapsspace

Data is represented as a 2D matrix and 
decomposed into factor matrices (or modes)

7Thursday, 21 July 2011



Spatial ICA for FMRI

• data is decomposed into a set of spatially 
independent maps and a set of time-courses

McKeown et al. 
HBM 1998

space

# IC
s

=

tim
e Scan #k 

FMRI data
spatial maps

tim
e

# ICsspace

impose spatial
independence
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PCA vs. ICA ?
Simulated
Data

(2 components, slightly 
different timecourses)
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PCA

• Timecourses 
orthogonal

• Spatial maps and 
timecourses 
“wrong”

PCA vs. ICA ?
Simulated
Data

(2 components, slightly 
different timecourses)

9Thursday, 21 July 2011



ICA

• Timecourses 
non-co-linear

• Spatial maps and 
timecourses 
“right”

PCA

• Timecourses 
orthogonal

• Spatial maps and 
timecourses 
“wrong”

PCA vs. ICA ?
Simulated
Data

(2 components, slightly 
different timecourses)
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PCA vs. ICA

• 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)
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• de-correlated signals 
can still be 
dependent

Correlation vs. independece
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• de-correlated signals 
can still be 
dependent

• higher-order statistics 
(beyond mean and 
variance) can reveal 
these dependencies

Stone et al. 2002

Correlation vs. independece
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The ‘overfitting’ problem

• fitting a noise-free model to noisy observations:

• no control over signal vs. noise (non-interpretable 
results)

• statistical significance testing not possible 

 GLM analysis standard ICA (unconstrained)
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• statistical “latent variables” model:  we observe linear 
mixtures of hidden sources in the presence of Gaussian 
noise

Probabilistic ICA model

Y = XB + E
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• statistical “latent variables” model:  we observe linear 
mixtures of hidden sources in the presence of Gaussian 
noise

• Issues:

•Model Order Selection: how many components?

•Component estimation: how to find ICs?

• Inference: how to threshold ICs?

Probabilistic ICA model

Y = XB + E
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Model Order Selection

• The sample 
covariance 
matrix has a 
Wishart 
distribution and 
we can calculate 
the empirical 
distribution 
function for the 
eigenvalues 

Everson & 
Roberts, IEEE 
Trans. Sig. Proc. 
48(7), 2000 Empirical distribution function observed Eigenspectrum
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Model Order Selection
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Variance Normalisation

• we might choose to 
ignore temporal auto-
correlation in the EPI 
time-series but:

• generally need to 
normalise by the 
voxel-wise variance

3.5

4

4.5

5

5.5

Voxel−wise standard deviation

Estimated voxel-wise std. deviation (log-scale) 
from FMRI data obtained under rest condition.
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ICA estimation

• need to find an unmixing matrix such that the 
dependency between estimated sources is 
minimised

• need (i) a contrast (objective/cost) function to drive 
the unmixing which measures statistical 
independence and (ii) an optimisation technique:

‣ kurtosis or cumulants & gradient descent (Jade) 

‣ maximum entropy & gradient descent (Infomax) 

‣ neg-entropy & fixed point iteration (FastICA)
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Non-Gaussianity
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Non-Gaussianity
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Non-Gaussianity

18Thursday, 21 July 2011



Non-Gaussianity
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Non-Gaussianity
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Non-Gaussianity

mixing
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Non-Gaussianity

mixing

mixturessources
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mixing

Non-Gaussianity
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mixing

Non-Gaussianity

non-Gaussian
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mixing

Non-Gaussianity

Gaussiannon-Gaussian
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• Random mixing results in more Gaussian-
shaped PDFs (Central Limit Theorem)

ICA estimation
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• Random mixing results in more Gaussian-
shaped PDFs (Central Limit Theorem)

• conversely:                  

if mixing matrix produces less  Gaussian-
shaped PDFs this is unlikely to be a random 
result

➡    measure non-Gaussianity

ICA estimation
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• Random mixing results in more Gaussian-
shaped PDFs (Central Limit Theorem)

• conversely:                  

if mixing matrix produces less  Gaussian-
shaped PDFs this is unlikely to be a random 
result

➡    measure non-Gaussianity

• can use neg-entropy as a measure of non-
Gaussianity        Hyvärinen & Oja 1997

ICA estimation

20Thursday, 21 July 2011



Thresholding

−2 −1 0 1 2 3 4 5 6 7

1 2 3 4 5 6

right tail

−2.5−2−1.5−1

left tail
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Thresholding

• classical null-hypothesis 
testing is invalid

−2 −1 0 1 2 3 4 5 6 7

1 2 3 4 5 6

right tail

−2.5−2−1.5−1

left tail
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Thresholding

• classical null-hypothesis 
testing is invalid

• After estimation, the 
spatial maps are a 
projection of data on to 
the ‘unmixing matrix’

−2 −1 0 1 2 3 4 5 6 7

1 2 3 4 5 6

right tail

−2.5−2−1.5−1

left tail
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Thresholding

• classical null-hypothesis 
testing is invalid

• After estimation, the 
spatial maps are a 
projection of data on to 
the ‘unmixing matrix’

• data is assumed to be a 
linear combination of 
signals and noise −2 −1 0 1 2 3 4 5 6 7

1 2 3 4 5 6

right tail

−2.5−2−1.5−1

left tail
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Thresholding

• classical null-hypothesis 
testing is invalid

• After estimation, the 
spatial maps are a 
projection of data on to 
the ‘unmixing matrix’

• data is assumed to be a 
linear combination of 
signals and noise

• the distribution of the 
estimated spatial maps is a 
mixture distribution!

−2 −1 0 1 2 3 4 5 6 7

1 2 3 4 5 6

right tail

−2.5−2−1.5−1

left tail
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Alternative Hypothesis Test

• use Gaussian/Gamma 
mixture model fitted to 
the histogram of 
intensity values (using 
EM)
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Alternative Hypothesis Test

• use Gaussian/Gamma 
mixture model fitted to 
the histogram of 
intensity values (using 
EM)
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Probabilistic ICA

 GLM analysis      standard ICA (unconstrained)
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Probabilistic ICA

• designed to address the 
‘overfitting problem’:

• tries to avoid generation of 
‘spurious’ results

• high spatial sensitivity and 
specificity

 GLM analysis     probabilistic ICA
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Applications

EDA techniques can be useful to

• investigate the BOLD response

• estimate artefacts in the data 

• find areas of ‘activation’ which respond in a non-
standard way

• analyse data for which no model of the BOLD 
response is available

24Thursday, 21 July 2011



Applications

EDA techniques can be useful to

‣ investigate the BOLD response

• estimate artefacts in the data 

• find areas of ‘activation’ which respond in a non-
standard way

•  analyse data for which no model of the BOLD 
response is available
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Investigate BOLD response

estimated 
signal time 

course

standard 
hrf model
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Applications

EDA techniques can be useful to

• investigate the BOLD response

‣ estimate artefacts in the data 

• find areas of ‘activation’ which respond in a non-
standard way

•  analyse data for which no model of the BOLD 
response is available
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Artefact detection

• FMRI data contain a variety of source 
processes

• Artifactual sources typically have unknown 
spatial and temporal extent and cannot 
easily be modelled accurately

• Exploratory techniques do not require a 
priori knowledge of time-courses and 
spatial maps
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slice drop-outs
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gradient instability
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EPI ghost
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high-frequency noise
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head motion
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field inhomogeneity
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eye-related artefacts
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eye-related artefacts
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eye-related artefacts

Wrap 
around
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Structured Noise and the GLM

• ‘structured noise’ appears:

• in the GLM residuals - inflates variance estimates (more 
false negatives)

• in the parameter estimates (more false positives and/or 
false negatives)

• In either case leads to suboptimal estimates and wrong 
inference!
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Structured noise and 
GLM Z-stats bias

• Correlations of the 
noise time courses 
with ‘typical’ FMRI 
regressors can 
cause a shift in the 
histogram of the Z-
statistics 

• Thresholded maps 
will have wrong 
false-positive rate 
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Denoising FMRI

• Example:     left 
vs right hand 
finger tapping

before denoising

after denoising
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• Example:     left 
vs right hand 
finger tapping

before denoising
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LEFT - RIGHT contrast

Denoising FMRI

• Example:     left 
vs right hand 
finger tapping

before denoising

after denoising
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Apparent variability

McGonigle et al.: 33 Sessions under motor paradigm

‘de-noising’ data by regressing out noise:
reduced ‘apparent’ session variability 
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Applications

EDA techniques can be useful to

• investigate the BOLD response

• estimate artefacts in the data 

‣ find areas of ‘activation’ which respond in a non-
standard way

•  analyse data for which no model of the BOLD 
response is available
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• use EPI readout gradient noise to evoke auditory responses in 
patients before cochlear implant surgery 
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9.2$%62!KPG3!?`A!$(4!2%!51!4.3#(*414!;*%,!2$1!,%41''14!2.,1=31*.13!562!k182!2$1!%>1*(''!3.-)('!.)!(!321(47=32(21:!
T$1! 1O81#214! *138%)31! >1#2%*! 9(3! 3688'.14! .)2%! (! #632%,.B14! %)1=1)2*7=81*=>%'6,1! 2781! %;! f"UT=413.-)!
/>1*3.%)!E:@! P!8(*2!%;!fVH0!9.2$!)%! ;6*2$1*!#%)>%'62.%)!()4!9.2$%62! .23! 21,8%*('!%*!(!4.381*3.%)!41*.>(2.>1:!f%*!
4(2(=4*.>1)!8*%5(5.'.32.#!.)4181)41)2!#%,8%)1)2!()('73.3!/&+XU0<!J"HGI+X!/>1*3.%)!C:`!P!8(*2!%;!fVH0!9(3!6314:!

JGI+f+"I!"&+!WKUI+"ST=TKU+S!n+TN!K"UI=GZT!GJ+VV+GSV!o!"R&"XT"I!UZI+TGKm!FGHI!V+WSUH!JGIZHUT+GSV\!
!

!"#$%&'()* *+&,-&.-"$*/0(1*)2,(1"(0+*345!"#$%&'"()% *+, -(!"##

<<<% <<<%#=>?%@ABCDEF=DAG%

!
!

+J&GV+SW!&K+GK!T"J&GKUH!XGSTKU+STV!TG!IUTU=IK+c"S!&KGFUF+H+VT+X!+SI"&"SI"ST!XGJ&GS"ST!USUHmV+V!
/pK"WZHUK+q"IL!J"HGI+X0\!

n.2$.)! 2$1! &+XU! ;*(,19%*k<! 132.,(2.%)! %;! ,(O.,(''7! )%)=W(633.()! 3%6*#13! .3! 5(314! %)! ()! ".-1)>('61!
41#%,8%3.2.%)!%;!2$1!4(2(=#%>(*.()#1=,(2*.O!/KR0:!f%*!fJK+!4(2(!.)!-1)1*('!()4!;%*!2$.3!32647!.)!8(*2.#6'(*<!2$1!
3.-)('!%;! .)21*132! .3!(336,14!2%!>(*7!*(2$1*!3'%9'7!%>1*! 2.,1:!T$63<!$.-$=;*1Q61)#.13!7.1'4!*(2$1*!)%)=8(63.5'1!
38(2.('!,(83!()4!2.,1=#%6*313<!()4!2$1.*!132.,(2.%)!.3!4.381)3(5'1:!T%!;(>%6*!p3,%%2$L!2.,1=#%6*313<!J"HGI+X!
9(3! *1-6'(*.B14! 57! .)#%*8%*(2.)-! 8*.)#.8'13! %;! ;6)#2.%)('! 4(2(! ()('73.3! /fIU<! ?_A0\! +41)2.;.#(2.%)! %;! .).2.('!
".-1)>1#2%*3!9(3!21,8%*(''7!#%)32*(.)2!57!(!36.2(5'7!#$%31)!312!%;!*1-6'(*'7!38(#14!/TKPE0!#65.#!F=38'.)1!5(3.3!
;6)#2.%)3:!T$1*157<! *136'2.)-! +XU! 2.,1=#%6*313! =!132.,(214!(3! '.)1(*!#%,5.)(2.%)3!%;! 2$1!".-1)>1#2%*3! =!91*1!
*132*.#214!2%!#%)2(.)!8*.,(*.'7!'%91*!;*1Q61)#.13:!f.)('!&+XU!,(83!-1)1*(214!57!p%*4.)(*7L!(3!91''!(3!*1-6'(*.B14!
J"HGI+X!91*1!2$*13$%'414!63.)-!()!('21*)(2.>1!$78%2$13.3!2132!5(314!%)!W(633.()PW(,,(!,.O26*1!,%41'3!?aA:!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!

f+WZK"!@\(
V.-).;.#()2!(64.2%*7!FGHI!,%46'(2.%)3!1>%k14!57!*1(4=%62!%,.33.%)3!

;*%,!"&+!%;!(!$1('2$7<!)%*,('!$1(*.)-!365b1#2!
/f"UT\!#'6321*=#%**1#214!8r`:`E<!J"HGI+X\!8s`:E`0!

(
(

!

f+WZK"!C\!!
T1,8%*('!#%**1'(2.%)!512911)!2.,1=#%6*313!
1O2*(#214!57!%*4.)(*7!J"HGI+X!()4!f"UT!

/*]`:ae<!8r`:``@0!

!

f+WZK"!e\!
T.,1=#%6*313!?TK3A!1O2*(#214!57!%*4.)(*7!/U0!>3:!*1-6'(*.B14!J"HGI+X!/F0!

21,8%*(''7!#%)32*(.)14!57!3,%%2$!8*.)#.8('!#%,8%)1)23!
!

!
f+WZK"!D\!

U64.2%*7!3.-)('!(3!1O81#214!>3:!1O2*(#214!57!*1-6'(*.B14!J"HGI+X!
/(>1*(-14!%>1*!)]e`!$1('2$7!365b1#23!P!@`!*1812.2.%)3!1(#$0!

!

%

!
!
!

!
!

!

*-"34+"!>!2&"#3""&)%!
!
!
!

!

T$1!,%4.;.14!"&+! -*(4.1)2=2*(.)! 9.2$!KPG! %,.33.%)3! 1>%k14! (88*%8*.(21! 3.-).;.#()2!,%46'(2.%)3! %;! 2$1!FGHI=
3.-)('!.)!2$1!(64.2%*7!#%*21O!9$.#$!91*1!4121#214!.)!Cd!%;!2$1!e`!$1('2$7!365b1#23!/a`j0!57!5%2$<!f"UT!(3!91''!(3!
%*4.)(*7!J"HGI+X:!T$1.*!1O2*(#214!2.,1=#%6*313!91*1!(88*%8*.(21'7!4.*1#214!()4!$.-$'7!#%**1'(214:!f.-6*13!@!o!C!
1O1,8'.;7!2$1!38(2.('!()4!21,8%*('!#%**138%)41)#1!%;!2$1.*!*136'23!;%*!%)1!*18*131)2(2.>1!365b1#2:!
F7! 1)#%4.)-! 2$1! $16*.32.#! 8*.%*! 2$(2! 2$1! 3.-)('! %;! .)21*132! .3! 8*136,14! 2%! >(*7! 3'%9'7<! *1-6'(*.B14! J"HGI+X!
1O2*(#214!p3,%%2$1*L!2.,1=#%6*313!/f.-6*1!e0:!T$1.*!#%**1'(2.%)!9.2$!2$1!37)2$12.#!*1-*133%*!,%41'!-1)1*(214!57!
(!4%65'1=-(,,(!NKf!91*1!$.-$'7!3.-).;.#()2!()4!(5%>1!`:dD!/f.-6*1!D0:!T$63<!J"HGI+X!21,8%*(''7!#%)32*(.)14!
57!fIU!8*.)#.8'13!.3!36.214!2%!%82.,.B1!2$1!,%41'!%;!2$1!NKf!9$.'1!8*%21#2.)-!(-(.)32!t%>1*;.22.)-t!(!2%%!#%,8'1O!
,%41'!>.(!(88*%8*.(21!,%41'=%*41*!31'1#2.%)!?aA:!

N78%2$13.3=4*.>1)! ,%41'! ;.22.)-! ,(7! .,8*%>1! 57! .)#'64.)-! (! 21,8%*('! 41*.>(2.>1:! I61! 2%! 2$1! )(26*1! %;! 2$1!
8(*(4.-,! 9.2$! >(*7.)-! 41-*113! %;! (62%#%**1'(2.%)! 512911)! 36##133.>1! KPG3! ()4! 6)k)%9)! #$(*(#21*.32.#3! %;!
.)4.>.46('!NKf3<!$%91>1*<!4(2(=4*.>1)!()('73.3!57!*1-6'(*.B14!J"HGI+X!311,3!8*1;1*(5'1:!">1)!9$1)!$1(*.)-!
9(3! .,8(.*14! /1:-:! 461! 2%! >132.56'(*! 3#$9())%,(3! %*! #%)31#62.>1! 8%32%81*(2.>1! 41(;)133<! '(*-1=>132.56'(*=
(Q6146#2=37)4*%,1<! %*! $1*813=3.,8'1O=1)#18$('.2.3^! f.-6*13! D! u! M0<! *1-6'(*.B14! J"HGI+X! 9(3! 31)3.2.>1!
1)%6-$! 2%! 41,%)32*(21! ()4! *1'.(5'7! 8*14.#2! (64.2.%)! /68! 2%! a`! 4F<! (88*%O.,(21'7<! #%,8(*14! 2%! 32()4(*4!
(64.%,12*.#!(33133,1)20:!T$63<!%,.22.)-!KPG3! ;*%,!"&+! .3!36.214! 2%!(33133!(64.2.%)! .)!#'.).#('!3122.)-3!9.2$.)!
(5%62!E!,.)6213!()4!9.2$%62!381#.;.#!2(3k!#%,8'.()#1:!S%!3%8$.32.#(214!1Q6.8,1)2!%2$1*!2$()!2$1!JK=3#())1*<!
(!,%4.;.14!"&+!86'31!31Q61)#1<!()4!;6''7!(62%,(214<!631*=.)4181)41)2!4(2(=4*.>1)!()('73.3!.3!*1Q6.*14:!

!

!
!
!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!

f+WZK"!D\(
K.-$2!>132.56'(*!3#$9())%,(!P!8%32%81*(2.>1!41(;)133!
/T@=9!V"!8%32!W(4%'.).6,^!*1-6'(*.B14!J"HGI+Xh\!8s`:E`0!

!

f+WZK"!E\!!
F.'(21*('!'(*-1=>132.56'(*=(Q6146#2=37)4*%,1!

/TC=9!X+VVeI!o!*1)41*.)-^!*1-6'(*.B14!J"HGI+Xh\!8s`:E`0!

!

f+WZK"!M\!
N1*813=3.,8'1O=1)#18$('.2.3!

/&I=9!V"!o!TC=9!fHU+K^!*1-6'(*.B14!J"HGI+Xh\!8s`:E`0!

!
h#%,8%)1)2!%;!.)21*132!%>1*'(.4!%)!3,%%2$14!4(2(!

!

!
!
!

*-(-*-%#-"!>!#)**-"=)%2-%#-!
!
!

"#!$%&'()!*+!,!*-.(/-0!1$2!345.%6'78!6/-!%9:'650;!4;46-<!=05<!%(5946'(!75'4-!:90'78!=97(6'57%.!<%87-6'(!0-457%7(-!'<%8'782!
+>%<'7%6'57!5=!75'4-!(57:9(6'57!6/0598/!6/-!-%0!(%7%.?!/-%:?!%7:!@5:;#!H%&BIJA#%7IB%&>!?@ABC?D9E?B!C@@?F!

A#!B'.-(-7!C!-6!%.#2!D/-!*$!65<580%E/!%4!%!4597:!8-7-0%6502!=*$3!655.!=50!6/-!'7&-46'8%6'57!5=!6/-!%9:'650;!(506->F!*CKD%8?AID%*?L!

GH2IJGKL?!?AAG!
J#!B%7:-66'7'!MN!-6!%.#2!O97(6'57%.!*$3!5=!B0%'7!N(6'&%6'57!37:9(-:!@;!P(%77-0!N(5946'(!Q5'4-F!*CKD%8?AID%*?L!JI2!G"HKG"R?!?AAG!!

G#!D%.%&%8-!D*!-6!%.#2!*-%490-<-76!5=!P'87%.!S/%78-4!37:9(-:!@;!=*$3!3<%8'78!Q5'4-F!'?JMI->CK?!L2PJRHF!?AAG!

T#!*%6/'%U!V!-6!%.#2!*'4<%6(/!0-4E574-4!65!0%7:5<')-:!80%:'-76!4W'6(/'78!75'4-!%4!0-=.-(6-:!@;!=*$3!%7:!W/5.-K/-%:!
<%87-65-7(-E/%.580%E/;#!1J>%2MC=D%*CNN!?D:E<.?A@9HB!C@@CF!!

R#!B%064(/!N1!,!PE-(/6!V2!C-6-(6'57!5=!6/-!4(%77-0X4!8-79'7-!80%:'-76!75'4-!@;!=97(6'57%.!-(/5!E.%7%0!'<%8'78#!8=O%'?JMIMCL=IP!

?D.AAH9?@@@B!C@@EF!
L#!O0'4657!V1!-6!%.#2!+&-76K0-.%6-:!=*$32!(/%0%(6-0')'78!:'==-0-76'%.!0-4E574-4#!'?JMI->CK?!I:?<.E@9J@FB!?AAGF!

Y#!$%<4%;!1Z!,!P'.&-0<%7!B[2!O97(6'57%.!:%6%!%7%.;4'4#!7NM=DK?MB!%KL!6MNOB!?AAIF!

I#!B-(U<%77!SO!,!P<'6/!P*2!M05@%@'.'46'(!'7:-E-7:-76!(5<E57-76!%7%.;4'4!=50!=97(6'57%.!<%87-6'(!0-457%7(-!'<%8'78#!-+++%,MCDA%

*?L%->CK=DK!CE:C<.?EIP?HCB!C@@JF!
!

!

$QQNKRR!SMN!TMNNKRUMVQKVTK.!

!

$VQNKWR!XF!5WNYRTZB!12!

?>C=P5%FCM#AB$QD?JMIMCL=IPIK=?<JD=ERJ?MSFJMK<L?%

!

2[\[R[MV!MS!%K]NMNWQ[M^M_`B!

5X13!8aNbc]N_!

XMRKS9"TZVK[QKN9"YNF!??!

29AI@G@!8aNbc]N_!

'KNdWV`! !

!!!

(

Example of nonstandard 
temporal response

!"
#$
%&''(&)%*++,-'.%/0%,1+%/12*%%% % % %%%%%%%%%%%%12*3""45%6/7,+8%,(%!9:%;%7+77-/'%32!

"#$%%&%'!()*!+,-!"#$%%-*.!

-/)0&%'!1)234$+&)%"!)(!+,-!5)42!"&'%$4!&%!+,-!$32&+)*6!#)*+-7!

56!8&+,,)42&%'!*-$29)3+"!:*;)"<!(*)1!-#,)!=4$%$*!&1$'-"!:-=&<!
!
!

!"#$%&'()*(+&$,'-.
/
0(1&$',%"(23%-.,

4
0(5%6$7(8696:&

/
0(;.$<',<&"(=*(+%->9&""

?
0(2,%@&"(A.%'%"

B
(

/
C<D<'<6"(6@(E%F$6$&#<6:67G0(+&D&$<&"()F:<F'(H&I<9<:<&"'JK"<D%$'<,G(6@(LM$NOF$7P(

4
Q"',<,F,%(6@(H%#<-<"%0(R%'%&$-.(;%",%$()M:<-.P(=%#%$&:(R%3FO:<-(6@(5%$9&"G(

?
SI@6$#(K"<D%$'<,G(;%",$%(@6$(=F"-,<6"&:(H&7"%,<-(R%'6"&"-%(Q9&7<"7(6@(,.%(+$&<"(T=HRQ+U0(K"<D%$'<,G(6@(SI@6$#P(K"<,%#(1<"7#69(

B
2<%9%"'(H%#<-&:(26:F,<6"'0(HR(!33:<-&,<6"'(C%D%:639%",0(V$:&"7%"P(=%#%$&:(R%3FO:<-(6@(5%$9&"G(

!
!

!
!

&%+*)23#+&)%!
!
"#$%! &'()(*! +,(-.)-! /"&+0! -1)1*(213! #%)3.41*(5'1! (#%632.#! )%.31! 57! 32118! -*(4.1)2! 86'313! (2! 6)*132*.#214!
5()49.42$3:! +)! ;6)#2.%)('! )16*%.,(-.)-<! 6)3$.1'414! "&+=3%6)43! .)1>.2(5'7! (#2.>(21! 2$1! (64.2%*7! 37321,! ()4!
8%21)2.(''7! .)21*;1*1! 9.2$! 2$1! 4121#2.%)! %;! #%)#%,.2()2! %*! 36##133.>1! 32.,6'(2.%)3:! +)321(4! %;! >().3$.)-! 2$1!
3#())1*3!-'%5('!)%.31!2*()3,.33.%)!?1:-:<!@A<!%6*!-%('!9(3!2%!62.'.B1!.2!;%*!2$1!;6)#2.%)('!)16*%.,(-.)-!%;!(64.2.%):!
&*1>.%63'7<! 2$.3! $(3! 511)! (#$.1>14! 57! 1.2$1*! .)2*%46#.)-! (51**()2! -*(4.1)2! 39.2#$13! ?C=DA<! (,8'.26413! %*!
46*(2.%)3!;%*!3%6)4!-1)1*(2.%)!?EA!%*!57!3(,8'.)-!8$73.%'%-.#(''7!41'(714!$1,%47)(,.#!FGHI=*138%)313!2%!2$1!
JK=3#())1*L3! 81*3.321)2! %*! .)21*,.221)2'7! 41'(714! 562! %2$1*9.31! 6),%4.;.14! -*(4.1)2! )%.31! ?MA:! N1*1<! 91!
413#*.51!2$1!1>%#(2.%)!()4!$78%2$13.3=!(3!91''!(3!4(2(=4*.>1)!4121#2.%)!%;!,%46'(2.%)3!.)!2$1!FGHI!3.-)('!%;!2$1!
(64.2%*7!#%*21O!.)46#14!57!9.2$$%'4.)-!*1(4=%623!/KPG30!;*%,!2$1!-*(4.1)2=2*(.)!%;!()!"&+!86'31!31Q61)#1:!

! !
!

!

1-+,)2"!>!1$+-*&$4!
!

!
!

!
!

"R&"K+J"STUH!I"V+WS<!IUTU!UXYZ+V+T+GS<!USI!VZF["XTV!"RUJ+S"I\!
F12911)!29%!*1-6'(*<!.:1:!'%64!"&+3!*1(4!%62!/]!?+A^!*14!5(*30!36531Q61)2'7!.)#*1(3.)-!)6,51*3!%;!@=_!*1(4=%623!
/KPG30!91*1!%,.2214!2%!3688*133!2$1!(,5.1)2!"&+!-*(4.1)2!)%.31!(2! 2$%31!TK!5.)3!9$1*1!)%!3#()3!91*1!*1(4!
%62! /]! ?`A0:! T$1! #%**138%)4.)-! -*(4.1)2=2*(.)! ;%''%914! 2$1! 3#$1,1! ?+`+``+```+=:::=+````````+A! 9$.#$! 9(3!
*181(214!@`!2.,13:!T$1*157<!a`!3#()3!91*1!*1(4!%62!9.2$.)!(5%62!E!,.)6213!()4!1;;1#2.>1!;'6#26(2.%)3!/D@=aM4F0!
%;! 2$1!"&+! 86'31!31Q61)#1!)%.31!91*1! .)46#14!(2! 2$1! '1>1'!%;! 2$1!(6*.#'13:!N%91>1*<! ;%(,!(3!91''! (3!,6;;'1!
8(43!()4<!;%*!)%*,('!$1(*.)-!365b1#23<!1(*8'6-3!91*1!6314!;%*!;.O(2.%)!86*8%313!()4!2%!(>%.4!32(*2'1!,%2.%)3:!
T$1!8(*(4.-,!9(3!213214!%)!29%!@:E!T!3#())1*3!/V.1,1)3!V7,8$%)7!>3:!V7,8$%)7c.3.%)0!(2!59]@_M`NBP&O<!
TKPT"P1#$%!38(#.)-]d``!P!DE!P!`:Me,3<!fU]MEg<!*13%'62.%)]ehehE,,i!#(319.31!.)!e`!$1('2$7<!)%*,('!$1(*.)-!
>%'6)211*3!/(-1!@_=M`!71(*30:!d!>3:!_!8*%381#2.>1'7!,%2.%)=#%**1#214!3'.#13!/&UX"=21#$).Q61^!-(8]CEj0!91*1!
(O.(''7! ()-6'(214! ('%)-! 2$1! '(21*('! ;.336*1! 5(314! 68%)! #%*%)('! ()4! 3(-.22('! TC=9/1.-$2140! TKZf+='%#('.B1*3:!
V65b1#23!91*1!)%2!.)32*6#214!57!()7!381#.;.#!2(3k!1O#182!;%*!b632!'(7.)-!8(33.>1'7!()4!Q6.12!.)!2$1!3#())1*:!
U44.2.%)(''7<!@`!8(2.1)23! /(-1!Ce=E_!71(*30!9.2$! .,8(.*14!$1(*.)-!91*1!1O(,.)14!()4!#(313!%;! 2$*11!4.;;1*1)2!
8(2$%'%-.13! (*1! 8*131)214! $1*1\! (! *.-$2! 8%32%81*(2.>1! 41(;)133! 31#%)4(*7! 2%! (! >132.56'(*! 3#$9())%,(<! (!
5.'(21*('! 36*4.2(3! /68! 2%!l! _E!4F0!461! 2%!(! '(*-1=>132.56'(*=(Q6146#2=37)4*%,1<!()4!(! *13.466,!%;!(!$1*813=
3.,8'1O=1)#18$('.2.3!9.2$!365b1#2.>1!$(*4)133!%;!$1(*.)-:!

IUTU!&K"&KGX"VV+SW<!Nm&GTN"V+V=!USI!IUTU=IK+c"S!USUHmV+V\!
I(2(!8*18*%#133.)-!9(3!#(**.14!%62!57! (88*%8*.(21!fVH! 2%%'3! /999:;,*.5:%O:(#:6kP;3'0! ()4!#%)3.3214!%;!3'.#1=
2.,.)-!()4!,%2.%)!#%**1#2.%)<!38(2.('!3,%%2$.)-!/@`,,!fnNJ0<!()4!(41Q6(21!$.-$=8(33!;.'21*.)-!/@:E!2.,13!2$1!
#7#'1!2.,1!%;!a!TK30:!f%*!$78%2$13.3=4*.>1)!,%41''.)-<!1(#$!3#()!9.2$!(!KPG!?+A!9(3!381#.;.14!(3!(!32.,6'63!%;!
.)21*132!()4!#%)>%'>14!9.2$!(!37)2$12.#<!4%65'1=-(,,(!$1,%47)(,.#!*138%)31!;6)#2.%)!/NKf^!?dA0:!T$1!3#()3!
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• use EPI readout gradient noise to evoke auditory responses in 
patients before cochlear implant surgery 

!"
#$
%&''(&)%*++,-'.%/0%,1+%/12*%%% % % %%%%%%%%%%%%12*3""45%6/7,+8%,(%!9:%;%7+77-/'%32!

"#$%%&%'!()*!+,-!"#$%%-*.!

-/)0&%'!1)234$+&)%"!)(!+,-!5)42!"&'%$4!&%!+,-!$32&+)*6!#)*+-7!

56!8&+,,)42&%'!*-$29)3+"!:*;)"<!(*)1!-#,)!=4$%$*!&1$'-"!:-=&<!
!
!

!"#$%&'()*(+&$,'-.
/
0(1&$',%"(23%-.,

4
0(5%6$7(8696:&

/
0(;.$<',<&"(=*(+%->9&""

?
0(2,%@&"(A.%'%"

B
(

/
C<D<'<6"(6@(E%F$6$&#<6:67G0(+&D&$<&"()F:<F'(H&I<9<:<&"'JK"<D%$'<,G(6@(LM$NOF$7P(

4
Q"',<,F,%(6@(H%#<-<"%0(R%'%&$-.(;%",%$()M:<-.P(=%#%$&:(R%3FO:<-(6@(5%$9&"G(

?
SI@6$#(K"<D%$'<,G(;%",$%(@6$(=F"-,<6"&:(H&7"%,<-(R%'6"&"-%(Q9&7<"7(6@(,.%(+$&<"(T=HRQ+U0(K"<D%$'<,G(6@(SI@6$#P(K"<,%#(1<"7#69(

B
2<%9%"'(H%#<-&:(26:F,<6"'0(HR(!33:<-&,<6"'(C%D%:639%",0(V$:&"7%"P(=%#%$&:(R%3FO:<-(6@(5%$9&"G(

!
!

!
!

&%+*)23#+&)%!
!
"#$%! &'()(*! +,(-.)-! /"&+0! -1)1*(213! #%)3.41*(5'1! (#%632.#! )%.31! 57! 32118! -*(4.1)2! 86'313! (2! 6)*132*.#214!
5()49.42$3:! +)! ;6)#2.%)('! )16*%.,(-.)-<! 6)3$.1'414! "&+=3%6)43! .)1>.2(5'7! (#2.>(21! 2$1! (64.2%*7! 37321,! ()4!
8%21)2.(''7! .)21*;1*1! 9.2$! 2$1! 4121#2.%)! %;! #%)#%,.2()2! %*! 36##133.>1! 32.,6'(2.%)3:! +)321(4! %;! >().3$.)-! 2$1!
3#())1*3!-'%5('!)%.31!2*()3,.33.%)!?1:-:<!@A<!%6*!-%('!9(3!2%!62.'.B1!.2!;%*!2$1!;6)#2.%)('!)16*%.,(-.)-!%;!(64.2.%):!
&*1>.%63'7<! 2$.3! $(3! 511)! (#$.1>14! 57! 1.2$1*! .)2*%46#.)-! (51**()2! -*(4.1)2! 39.2#$13! ?C=DA<! (,8'.26413! %*!
46*(2.%)3!;%*!3%6)4!-1)1*(2.%)!?EA!%*!57!3(,8'.)-!8$73.%'%-.#(''7!41'(714!$1,%47)(,.#!FGHI=*138%)313!2%!2$1!
JK=3#())1*L3! 81*3.321)2! %*! .)21*,.221)2'7! 41'(714! 562! %2$1*9.31! 6),%4.;.14! -*(4.1)2! )%.31! ?MA:! N1*1<! 91!
413#*.51!2$1!1>%#(2.%)!()4!$78%2$13.3=!(3!91''!(3!4(2(=4*.>1)!4121#2.%)!%;!,%46'(2.%)3!.)!2$1!FGHI!3.-)('!%;!2$1!
(64.2%*7!#%*21O!.)46#14!57!9.2$$%'4.)-!*1(4=%623!/KPG30!;*%,!2$1!-*(4.1)2=2*(.)!%;!()!"&+!86'31!31Q61)#1:!

! !
!

!

1-+,)2"!>!1$+-*&$4!
!

!
!

!
!

"R&"K+J"STUH!I"V+WS<!IUTU!UXYZ+V+T+GS<!USI!VZF["XTV!"RUJ+S"I\!
F12911)!29%!*1-6'(*<!.:1:!'%64!"&+3!*1(4!%62!/]!?+A^!*14!5(*30!36531Q61)2'7!.)#*1(3.)-!)6,51*3!%;!@=_!*1(4=%623!
/KPG30!91*1!%,.2214!2%!3688*133!2$1!(,5.1)2!"&+!-*(4.1)2!)%.31!(2! 2$%31!TK!5.)3!9$1*1!)%!3#()3!91*1!*1(4!
%62! /]! ?`A0:! T$1! #%**138%)4.)-! -*(4.1)2=2*(.)! ;%''%914! 2$1! 3#$1,1! ?+`+``+```+=:::=+````````+A! 9$.#$! 9(3!
*181(214!@`!2.,13:!T$1*157<!a`!3#()3!91*1!*1(4!%62!9.2$.)!(5%62!E!,.)6213!()4!1;;1#2.>1!;'6#26(2.%)3!/D@=aM4F0!
%;! 2$1!"&+! 86'31!31Q61)#1!)%.31!91*1! .)46#14!(2! 2$1! '1>1'!%;! 2$1!(6*.#'13:!N%91>1*<! ;%(,!(3!91''! (3!,6;;'1!
8(43!()4<!;%*!)%*,('!$1(*.)-!365b1#23<!1(*8'6-3!91*1!6314!;%*!;.O(2.%)!86*8%313!()4!2%!(>%.4!32(*2'1!,%2.%)3:!
T$1!8(*(4.-,!9(3!213214!%)!29%!@:E!T!3#())1*3!/V.1,1)3!V7,8$%)7!>3:!V7,8$%)7c.3.%)0!(2!59]@_M`NBP&O<!
TKPT"P1#$%!38(#.)-]d``!P!DE!P!`:Me,3<!fU]MEg<!*13%'62.%)]ehehE,,i!#(319.31!.)!e`!$1('2$7<!)%*,('!$1(*.)-!
>%'6)211*3!/(-1!@_=M`!71(*30:!d!>3:!_!8*%381#2.>1'7!,%2.%)=#%**1#214!3'.#13!/&UX"=21#$).Q61^!-(8]CEj0!91*1!
(O.(''7! ()-6'(214! ('%)-! 2$1! '(21*('! ;.336*1! 5(314! 68%)! #%*%)('! ()4! 3(-.22('! TC=9/1.-$2140! TKZf+='%#('.B1*3:!
V65b1#23!91*1!)%2!.)32*6#214!57!()7!381#.;.#!2(3k!1O#182!;%*!b632!'(7.)-!8(33.>1'7!()4!Q6.12!.)!2$1!3#())1*:!
U44.2.%)(''7<!@`!8(2.1)23! /(-1!Ce=E_!71(*30!9.2$! .,8(.*14!$1(*.)-!91*1!1O(,.)14!()4!#(313!%;! 2$*11!4.;;1*1)2!
8(2$%'%-.13! (*1! 8*131)214! $1*1\! (! *.-$2! 8%32%81*(2.>1! 41(;)133! 31#%)4(*7! 2%! (! >132.56'(*! 3#$9())%,(<! (!
5.'(21*('! 36*4.2(3! /68! 2%!l! _E!4F0!461! 2%!(! '(*-1=>132.56'(*=(Q6146#2=37)4*%,1<!()4!(! *13.466,!%;!(!$1*813=
3.,8'1O=1)#18$('.2.3!9.2$!365b1#2.>1!$(*4)133!%;!$1(*.)-:!

IUTU!&K"&KGX"VV+SW<!Nm&GTN"V+V=!USI!IUTU=IK+c"S!USUHmV+V\!
I(2(!8*18*%#133.)-!9(3!#(**.14!%62!57! (88*%8*.(21!fVH! 2%%'3! /999:;,*.5:%O:(#:6kP;3'0! ()4!#%)3.3214!%;!3'.#1=
2.,.)-!()4!,%2.%)!#%**1#2.%)<!38(2.('!3,%%2$.)-!/@`,,!fnNJ0<!()4!(41Q6(21!$.-$=8(33!;.'21*.)-!/@:E!2.,13!2$1!
#7#'1!2.,1!%;!a!TK30:!f%*!$78%2$13.3=4*.>1)!,%41''.)-<!1(#$!3#()!9.2$!(!KPG!?+A!9(3!381#.;.14!(3!(!32.,6'63!%;!
.)21*132!()4!#%)>%'>14!9.2$!(!37)2$12.#<!4%65'1=-(,,(!$1,%47)(,.#!*138%)31!;6)#2.%)!/NKf^!?dA0:!T$1!3#()3!
9.2$%62!KPG3!?`A!$(4!2%!51!4.3#(*414!;*%,!2$1!,%41''14!2.,1=31*.13!562!k182!2$1!%>1*(''!3.-)('!.)!(!321(47=32(21:!
T$1! 1O81#214! *138%)31! >1#2%*! 9(3! 3688'.14! .)2%! (! #632%,.B14! %)1=1)2*7=81*=>%'6,1! 2781! %;! f"UT=413.-)!
/>1*3.%)!E:@! P!8(*2!%;!fVH0!9.2$!)%! ;6*2$1*!#%)>%'62.%)!()4!9.2$%62! .23! 21,8%*('!%*!(!4.381*3.%)!41*.>(2.>1:!f%*!
4(2(=4*.>1)!8*%5(5.'.32.#!.)4181)41)2!#%,8%)1)2!()('73.3!/&+XU0<!J"HGI+X!/>1*3.%)!C:`!P!8(*2!%;!fVH0!9(3!6314:!

JGI+f+"I!"&+!WKUI+"ST=TKU+S!n+TN!K"UI=GZT!GJ+VV+GSV!o!"R&"XT"I!UZI+TGKm!FGHI!V+WSUH!JGIZHUT+GSV\!
!

!"#$%&'()* *+&,-&.-"$*/0(1*)2,(1"(0+*345!"#$%&'"()% *+, -(!"##

<<<% <<<%#=>?%@ABCDEF=DAG%

!
!

+J&GV+SW!&K+GK!T"J&GKUH!XGSTKU+STV!TG!IUTU=IK+c"S!&KGFUF+H+VT+X!+SI"&"SI"ST!XGJ&GS"ST!USUHmV+V!
/pK"WZHUK+q"IL!J"HGI+X0\!

n.2$.)! 2$1! &+XU! ;*(,19%*k<! 132.,(2.%)! %;! ,(O.,(''7! )%)=W(633.()! 3%6*#13! .3! 5(314! %)! ()! ".-1)>('61!
41#%,8%3.2.%)!%;!2$1!4(2(=#%>(*.()#1=,(2*.O!/KR0:!f%*!fJK+!4(2(!.)!-1)1*('!()4!;%*!2$.3!32647!.)!8(*2.#6'(*<!2$1!
3.-)('!%;! .)21*132! .3!(336,14!2%!>(*7!*(2$1*!3'%9'7!%>1*! 2.,1:!T$63<!$.-$=;*1Q61)#.13!7.1'4!*(2$1*!)%)=8(63.5'1!
38(2.('!,(83!()4!2.,1=#%6*313<!()4!2$1.*!132.,(2.%)!.3!4.381)3(5'1:!T%!;(>%6*!p3,%%2$L!2.,1=#%6*313<!J"HGI+X!
9(3! *1-6'(*.B14! 57! .)#%*8%*(2.)-! 8*.)#.8'13! %;! ;6)#2.%)('! 4(2(! ()('73.3! /fIU<! ?_A0\! +41)2.;.#(2.%)! %;! .).2.('!
".-1)>1#2%*3!9(3!21,8%*(''7!#%)32*(.)2!57!(!36.2(5'7!#$%31)!312!%;!*1-6'(*'7!38(#14!/TKPE0!#65.#!F=38'.)1!5(3.3!
;6)#2.%)3:!T$1*157<! *136'2.)-! +XU! 2.,1=#%6*313! =!132.,(214!(3! '.)1(*!#%,5.)(2.%)3!%;! 2$1!".-1)>1#2%*3! =!91*1!
*132*.#214!2%!#%)2(.)!8*.,(*.'7!'%91*!;*1Q61)#.13:!f.)('!&+XU!,(83!-1)1*(214!57!p%*4.)(*7L!(3!91''!(3!*1-6'(*.B14!
J"HGI+X!91*1!2$*13$%'414!63.)-!()!('21*)(2.>1!$78%2$13.3!2132!5(314!%)!W(633.()PW(,,(!,.O26*1!,%41'3!?aA:!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!

f+WZK"!@\(
V.-).;.#()2!(64.2%*7!FGHI!,%46'(2.%)3!1>%k14!57!*1(4=%62!%,.33.%)3!

;*%,!"&+!%;!(!$1('2$7<!)%*,('!$1(*.)-!365b1#2!
/f"UT\!#'6321*=#%**1#214!8r`:`E<!J"HGI+X\!8s`:E`0!

(
(

!

f+WZK"!C\!!
T1,8%*('!#%**1'(2.%)!512911)!2.,1=#%6*313!
1O2*(#214!57!%*4.)(*7!J"HGI+X!()4!f"UT!

/*]`:ae<!8r`:``@0!

!

f+WZK"!e\!
T.,1=#%6*313!?TK3A!1O2*(#214!57!%*4.)(*7!/U0!>3:!*1-6'(*.B14!J"HGI+X!/F0!

21,8%*(''7!#%)32*(.)14!57!3,%%2$!8*.)#.8('!#%,8%)1)23!
!

!
f+WZK"!D\!

U64.2%*7!3.-)('!(3!1O81#214!>3:!1O2*(#214!57!*1-6'(*.B14!J"HGI+X!
/(>1*(-14!%>1*!)]e`!$1('2$7!365b1#23!P!@`!*1812.2.%)3!1(#$0!

!

%

!
!
!

!
!

!

*-"34+"!>!2&"#3""&)%!
!
!
!

!

T$1!,%4.;.14!"&+! -*(4.1)2=2*(.)! 9.2$!KPG! %,.33.%)3! 1>%k14! (88*%8*.(21! 3.-).;.#()2!,%46'(2.%)3! %;! 2$1!FGHI=
3.-)('!.)!2$1!(64.2%*7!#%*21O!9$.#$!91*1!4121#214!.)!Cd!%;!2$1!e`!$1('2$7!365b1#23!/a`j0!57!5%2$<!f"UT!(3!91''!(3!
%*4.)(*7!J"HGI+X:!T$1.*!1O2*(#214!2.,1=#%6*313!91*1!(88*%8*.(21'7!4.*1#214!()4!$.-$'7!#%**1'(214:!f.-6*13!@!o!C!
1O1,8'.;7!2$1!38(2.('!()4!21,8%*('!#%**138%)41)#1!%;!2$1.*!*136'23!;%*!%)1!*18*131)2(2.>1!365b1#2:!
F7! 1)#%4.)-! 2$1! $16*.32.#! 8*.%*! 2$(2! 2$1! 3.-)('! %;! .)21*132! .3! 8*136,14! 2%! >(*7! 3'%9'7<! *1-6'(*.B14! J"HGI+X!
1O2*(#214!p3,%%2$1*L!2.,1=#%6*313!/f.-6*1!e0:!T$1.*!#%**1'(2.%)!9.2$!2$1!37)2$12.#!*1-*133%*!,%41'!-1)1*(214!57!
(!4%65'1=-(,,(!NKf!91*1!$.-$'7!3.-).;.#()2!()4!(5%>1!`:dD!/f.-6*1!D0:!T$63<!J"HGI+X!21,8%*(''7!#%)32*(.)14!
57!fIU!8*.)#.8'13!.3!36.214!2%!%82.,.B1!2$1!,%41'!%;!2$1!NKf!9$.'1!8*%21#2.)-!(-(.)32!t%>1*;.22.)-t!(!2%%!#%,8'1O!
,%41'!>.(!(88*%8*.(21!,%41'=%*41*!31'1#2.%)!?aA:!

N78%2$13.3=4*.>1)! ,%41'! ;.22.)-! ,(7! .,8*%>1! 57! .)#'64.)-! (! 21,8%*('! 41*.>(2.>1:! I61! 2%! 2$1! )(26*1! %;! 2$1!
8(*(4.-,! 9.2$! >(*7.)-! 41-*113! %;! (62%#%**1'(2.%)! 512911)! 36##133.>1! KPG3! ()4! 6)k)%9)! #$(*(#21*.32.#3! %;!
.)4.>.46('!NKf3<!$%91>1*<!4(2(=4*.>1)!()('73.3!57!*1-6'(*.B14!J"HGI+X!311,3!8*1;1*(5'1:!">1)!9$1)!$1(*.)-!
9(3! .,8(.*14! /1:-:! 461! 2%! >132.56'(*! 3#$9())%,(3! %*! #%)31#62.>1! 8%32%81*(2.>1! 41(;)133<! '(*-1=>132.56'(*=
(Q6146#2=37)4*%,1<! %*! $1*813=3.,8'1O=1)#18$('.2.3^! f.-6*13! D! u! M0<! *1-6'(*.B14! J"HGI+X! 9(3! 31)3.2.>1!
1)%6-$! 2%! 41,%)32*(21! ()4! *1'.(5'7! 8*14.#2! (64.2.%)! /68! 2%! a`! 4F<! (88*%O.,(21'7<! #%,8(*14! 2%! 32()4(*4!
(64.%,12*.#!(33133,1)20:!T$63<!%,.22.)-!KPG3! ;*%,!"&+! .3!36.214! 2%!(33133!(64.2.%)! .)!#'.).#('!3122.)-3!9.2$.)!
(5%62!E!,.)6213!()4!9.2$%62!381#.;.#!2(3k!#%,8'.()#1:!S%!3%8$.32.#(214!1Q6.8,1)2!%2$1*!2$()!2$1!JK=3#())1*<!
(!,%4.;.14!"&+!86'31!31Q61)#1<!()4!;6''7!(62%,(214<!631*=.)4181)41)2!4(2(=4*.>1)!()('73.3!.3!*1Q6.*14:!

!

!
!
!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!

f+WZK"!D\(
K.-$2!>132.56'(*!3#$9())%,(!P!8%32%81*(2.>1!41(;)133!
/T@=9!V"!8%32!W(4%'.).6,^!*1-6'(*.B14!J"HGI+Xh\!8s`:E`0!

!

f+WZK"!E\!!
F.'(21*('!'(*-1=>132.56'(*=(Q6146#2=37)4*%,1!

/TC=9!X+VVeI!o!*1)41*.)-^!*1-6'(*.B14!J"HGI+Xh\!8s`:E`0!

!

f+WZK"!M\!
N1*813=3.,8'1O=1)#18$('.2.3!

/&I=9!V"!o!TC=9!fHU+K^!*1-6'(*.B14!J"HGI+Xh\!8s`:E`0!

!
h#%,8%)1)2!%;!.)21*132!%>1*'(.4!%)!3,%%2$14!4(2(!

!

!
!
!

*-(-*-%#-"!>!#)**-"=)%2-%#-!
!
!

"#!$%&'()!*+!,!*-.(/-0!1$2!345.%6'78!6/-!%9:'650;!4;46-<!=05<!%(5946'(!75'4-!:90'78!=97(6'57%.!<%87-6'(!0-457%7(-!'<%8'782!
+>%<'7%6'57!5=!75'4-!(57:9(6'57!6/0598/!6/-!-%0!(%7%.?!/-%:?!%7:!@5:;#!H%&BIJA#%7IB%&>!?@ABC?D9E?B!C@@?F!

A#!B'.-(-7!C!-6!%.#2!D/-!*$!65<580%E/!%4!%!4597:!8-7-0%6502!=*$3!655.!=50!6/-!'7&-46'8%6'57!5=!6/-!%9:'650;!(506->F!*CKD%8?AID%*?L!

GH2IJGKL?!?AAG!
J#!B%7:-66'7'!MN!-6!%.#2!O97(6'57%.!*$3!5=!B0%'7!N(6'&%6'57!37:9(-:!@;!P(%77-0!N(5946'(!Q5'4-F!*CKD%8?AID%*?L!JI2!G"HKG"R?!?AAG!!

G#!D%.%&%8-!D*!-6!%.#2!*-%490-<-76!5=!P'87%.!S/%78-4!37:9(-:!@;!=*$3!3<%8'78!Q5'4-F!'?JMI->CK?!L2PJRHF!?AAG!

T#!*%6/'%U!V!-6!%.#2!*'4<%6(/!0-4E574-4!65!0%7:5<')-:!80%:'-76!4W'6(/'78!75'4-!%4!0-=.-(6-:!@;!=*$3!%7:!W/5.-K/-%:!
<%87-65-7(-E/%.580%E/;#!1J>%2MC=D%*CNN!?D:E<.?A@9HB!C@@CF!!

R#!B%064(/!N1!,!PE-(/6!V2!C-6-(6'57!5=!6/-!4(%77-0X4!8-79'7-!80%:'-76!75'4-!@;!=97(6'57%.!-(/5!E.%7%0!'<%8'78#!8=O%'?JMIMCL=IP!

?D.AAH9?@@@B!C@@EF!
L#!O0'4657!V1!-6!%.#2!+&-76K0-.%6-:!=*$32!(/%0%(6-0')'78!:'==-0-76'%.!0-4E574-4#!'?JMI->CK?!I:?<.E@9J@FB!?AAGF!

Y#!$%<4%;!1Z!,!P'.&-0<%7!B[2!O97(6'57%.!:%6%!%7%.;4'4#!7NM=DK?MB!%KL!6MNOB!?AAIF!

I#!B-(U<%77!SO!,!P<'6/!P*2!M05@%@'.'46'(!'7:-E-7:-76!(5<E57-76!%7%.;4'4!=50!=97(6'57%.!<%87-6'(!0-457%7(-!'<%8'78#!-+++%,MCDA%

*?L%->CK=DK!CE:C<.?EIP?HCB!C@@JF!
!

!

$QQNKRR!SMN!TMNNKRUMVQKVTK.!

!

$VQNKWR!XF!5WNYRTZB!12!

?>C=P5%FCM#AB$QD?JMIMCL=IPIK=?<JD=ERJ?MSFJMK<L?%

!

2[\[R[MV!MS!%K]NMNWQ[M^M_`B!

5X13!8aNbc]N_!

XMRKS9"TZVK[QKN9"YNF!??!

29AI@G@!8aNbc]N_!

'KNdWV`! !

!!!

(

Example of nonstandard 
temporal response

!"
#$
%&''(&)%*++,-'.%/0%,1+%/12*%%% % % %%%%%%%%%%%%12*3""45%6/7,+8%,(%!9:%;%7+77-/'%32!

"#$%%&%'!()*!+,-!"#$%%-*.!

-/)0&%'!1)234$+&)%"!)(!+,-!5)42!"&'%$4!&%!+,-!$32&+)*6!#)*+-7!

56!8&+,,)42&%'!*-$29)3+"!:*;)"<!(*)1!-#,)!=4$%$*!&1$'-"!:-=&<!
!
!

!"#$%&'()*(+&$,'-.
/
0(1&$',%"(23%-.,

4
0(5%6$7(8696:&

/
0(;.$<',<&"(=*(+%->9&""

?
0(2,%@&"(A.%'%"

B
(

/
C<D<'<6"(6@(E%F$6$&#<6:67G0(+&D&$<&"()F:<F'(H&I<9<:<&"'JK"<D%$'<,G(6@(LM$NOF$7P(

4
Q"',<,F,%(6@(H%#<-<"%0(R%'%&$-.(;%",%$()M:<-.P(=%#%$&:(R%3FO:<-(6@(5%$9&"G(

?
SI@6$#(K"<D%$'<,G(;%",$%(@6$(=F"-,<6"&:(H&7"%,<-(R%'6"&"-%(Q9&7<"7(6@(,.%(+$&<"(T=HRQ+U0(K"<D%$'<,G(6@(SI@6$#P(K"<,%#(1<"7#69(

B
2<%9%"'(H%#<-&:(26:F,<6"'0(HR(!33:<-&,<6"'(C%D%:639%",0(V$:&"7%"P(=%#%$&:(R%3FO:<-(6@(5%$9&"G(

!
!

!
!

&%+*)23#+&)%!
!
"#$%! &'()(*! +,(-.)-! /"&+0! -1)1*(213! #%)3.41*(5'1! (#%632.#! )%.31! 57! 32118! -*(4.1)2! 86'313! (2! 6)*132*.#214!
5()49.42$3:! +)! ;6)#2.%)('! )16*%.,(-.)-<! 6)3$.1'414! "&+=3%6)43! .)1>.2(5'7! (#2.>(21! 2$1! (64.2%*7! 37321,! ()4!
8%21)2.(''7! .)21*;1*1! 9.2$! 2$1! 4121#2.%)! %;! #%)#%,.2()2! %*! 36##133.>1! 32.,6'(2.%)3:! +)321(4! %;! >().3$.)-! 2$1!
3#())1*3!-'%5('!)%.31!2*()3,.33.%)!?1:-:<!@A<!%6*!-%('!9(3!2%!62.'.B1!.2!;%*!2$1!;6)#2.%)('!)16*%.,(-.)-!%;!(64.2.%):!
&*1>.%63'7<! 2$.3! $(3! 511)! (#$.1>14! 57! 1.2$1*! .)2*%46#.)-! (51**()2! -*(4.1)2! 39.2#$13! ?C=DA<! (,8'.26413! %*!
46*(2.%)3!;%*!3%6)4!-1)1*(2.%)!?EA!%*!57!3(,8'.)-!8$73.%'%-.#(''7!41'(714!$1,%47)(,.#!FGHI=*138%)313!2%!2$1!
JK=3#())1*L3! 81*3.321)2! %*! .)21*,.221)2'7! 41'(714! 562! %2$1*9.31! 6),%4.;.14! -*(4.1)2! )%.31! ?MA:! N1*1<! 91!
413#*.51!2$1!1>%#(2.%)!()4!$78%2$13.3=!(3!91''!(3!4(2(=4*.>1)!4121#2.%)!%;!,%46'(2.%)3!.)!2$1!FGHI!3.-)('!%;!2$1!
(64.2%*7!#%*21O!.)46#14!57!9.2$$%'4.)-!*1(4=%623!/KPG30!;*%,!2$1!-*(4.1)2=2*(.)!%;!()!"&+!86'31!31Q61)#1:!

! !
!

!

1-+,)2"!>!1$+-*&$4!
!

!
!

!
!

"R&"K+J"STUH!I"V+WS<!IUTU!UXYZ+V+T+GS<!USI!VZF["XTV!"RUJ+S"I\!
F12911)!29%!*1-6'(*<!.:1:!'%64!"&+3!*1(4!%62!/]!?+A^!*14!5(*30!36531Q61)2'7!.)#*1(3.)-!)6,51*3!%;!@=_!*1(4=%623!
/KPG30!91*1!%,.2214!2%!3688*133!2$1!(,5.1)2!"&+!-*(4.1)2!)%.31!(2! 2$%31!TK!5.)3!9$1*1!)%!3#()3!91*1!*1(4!
%62! /]! ?`A0:! T$1! #%**138%)4.)-! -*(4.1)2=2*(.)! ;%''%914! 2$1! 3#$1,1! ?+`+``+```+=:::=+````````+A! 9$.#$! 9(3!
*181(214!@`!2.,13:!T$1*157<!a`!3#()3!91*1!*1(4!%62!9.2$.)!(5%62!E!,.)6213!()4!1;;1#2.>1!;'6#26(2.%)3!/D@=aM4F0!
%;! 2$1!"&+! 86'31!31Q61)#1!)%.31!91*1! .)46#14!(2! 2$1! '1>1'!%;! 2$1!(6*.#'13:!N%91>1*<! ;%(,!(3!91''! (3!,6;;'1!
8(43!()4<!;%*!)%*,('!$1(*.)-!365b1#23<!1(*8'6-3!91*1!6314!;%*!;.O(2.%)!86*8%313!()4!2%!(>%.4!32(*2'1!,%2.%)3:!
T$1!8(*(4.-,!9(3!213214!%)!29%!@:E!T!3#())1*3!/V.1,1)3!V7,8$%)7!>3:!V7,8$%)7c.3.%)0!(2!59]@_M`NBP&O<!
TKPT"P1#$%!38(#.)-]d``!P!DE!P!`:Me,3<!fU]MEg<!*13%'62.%)]ehehE,,i!#(319.31!.)!e`!$1('2$7<!)%*,('!$1(*.)-!
>%'6)211*3!/(-1!@_=M`!71(*30:!d!>3:!_!8*%381#2.>1'7!,%2.%)=#%**1#214!3'.#13!/&UX"=21#$).Q61^!-(8]CEj0!91*1!
(O.(''7! ()-6'(214! ('%)-! 2$1! '(21*('! ;.336*1! 5(314! 68%)! #%*%)('! ()4! 3(-.22('! TC=9/1.-$2140! TKZf+='%#('.B1*3:!
V65b1#23!91*1!)%2!.)32*6#214!57!()7!381#.;.#!2(3k!1O#182!;%*!b632!'(7.)-!8(33.>1'7!()4!Q6.12!.)!2$1!3#())1*:!
U44.2.%)(''7<!@`!8(2.1)23! /(-1!Ce=E_!71(*30!9.2$! .,8(.*14!$1(*.)-!91*1!1O(,.)14!()4!#(313!%;! 2$*11!4.;;1*1)2!
8(2$%'%-.13! (*1! 8*131)214! $1*1\! (! *.-$2! 8%32%81*(2.>1! 41(;)133! 31#%)4(*7! 2%! (! >132.56'(*! 3#$9())%,(<! (!
5.'(21*('! 36*4.2(3! /68! 2%!l! _E!4F0!461! 2%!(! '(*-1=>132.56'(*=(Q6146#2=37)4*%,1<!()4!(! *13.466,!%;!(!$1*813=
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Bartsch et al. HBM 2004
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Applications

EDA techniques can be useful to

• investigate the BOLD response

• estimate artefacts in the data 

• find areas of ‘activation’ which respond in a non-
standard way

‣  analyse data for which no model of the BOLD 
response is available

43Thursday, 21 July 2011



PICA on resting data

• perform ICA on null data 
and compare spatial maps 
between subjects/scans

• ICA maps depict spatially 
localised and temporally 
coherent signal changes 

Example: ICA maps - 
1 subject at 3 

different sessions
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Multi-Subject ICA
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Single-Session ICA

each ICA component comprises:

spatial map & timecourse

Different ICA models
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Single-Session ICA

each ICA component comprises:

spatial map & timecourse

Different ICA models

Multi-Session or Multi-Subject ICA:
Concatenation approach

each ICA component comprises:

spatial map & timecourse
(that can be split up into subject-specific 

chunks)
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Single-Session ICA

each ICA component comprises:

spatial map & timecourse

Different ICA models

Multi-Session or Multi-Subject ICA:
Concatenation approach

each ICA component comprises:

spatial map & timecourse
(that can be split up into subject-specific 

chunks)

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

each ICA component comprises:

spatial map, session-long-timecourse
& subject-strength plot
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Single-Session ICA

each ICA component comprises:

spatial map & timecourse

Different ICA models

Multi-Session or Multi-Subject ICA:
Concatenation approach

each ICA component comprises:

spatial map & timecourse
(that can be split up into subject-specific 

chunks)

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

each ICA component comprises:

spatial map, session-long-timecourse
& subject-strength plot
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Single-Session ICA

each ICA component comprises:

spatial map & timecourse

Different ICA models

Multi-Session or Multi-Subject ICA:
Concatenation approach

good when:
each subject has DIFFERENT timeseries

e.g. resting-state FMRI 

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

good when:
each subject has SAME timeseries

e.g. activation FMRI
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ICA Group analysis

Extend single ICA to higher dimensions

space

# IC
s

=

tim
e Scan #k 

FMRI data
spatial maps

tim
e

# ICsspace

Bi-linear model
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ICA Group analysis

Extend single ICA to higher dimensions

space

# IC
s

=

tim
e Scan #k 

FMRI data
spatial maps

tim
e

# ICs
space

Tri-linear model

# s
ub

jec
ts

⊗
# s

ub
jec

ts
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Unfolding

space

tim
e

su
bj.
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Unfolding

create (#vols × #subj.) matrix for each voxel and 
concatenate

space

tim
e

su
bj.

...=
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Unfolding

space

tim
e

su
bj.
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Unfolding

create a (#subj. × #voxels) matrix for each time 
point and concatenate

space

tim
e

su
bj.

...=
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Unfolding

space

tim
e

su
bj.
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Unfolding

create a (#vols. × 
#voxels) matrix for 
each subject and 
concatenate 
temporally

space

tim
e

su
bj.

...

=
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PARAFAC
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• as a symmetric least-square  problem this is known as Parallel 
Factor Analysis        Harshman 1970

PARAFAC
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• as a symmetric least-square  problem this is known as Parallel 
Factor Analysis        Harshman 1970

• can be solved using Alternating Least Squares (ALS), i.e. iterating 
between least-squares solution for each one of the three 
different representations

• Problem: treats all modes the same

PARAFAC
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• can be treated as a 2-stage estimation problem

Tensor-PICA
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• can be treated as a 2-stage estimation problem

1. (2D) PICA estimation of the spatial maps from the 
concatenated data ( volumes * subjects ) × voxels             

Tensor-PICA
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• can be treated as a 2-stage estimation problem

1. (2D) PICA estimation of the spatial maps from the 
concatenated data ( volumes * subjects ) × voxels             

2. rank-1 Eigen-decomposition of each column of the 
mixing matrix, reshaped into a (volumes × subjects) 
matrix, in order to find underlying factors

Beckmann and Smith
NI 2005

Tensor-PICA
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Tensor-ICA
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• can be treated as a 2-stage estimation 
problem

Tensor-PICA
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• can be treated as a 2-stage estimation 
problem

• jointly estimate modes which describe signal 
in the temporal/ spatial and subject domain

Tensor-PICA
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• can be treated as a 2-stage estimation 
problem

• jointly estimate modes which describe signal 
in the temporal/ spatial and subject domain

• provides a mixed-effects model 
(incorporates within-session and between 
session variations)

Tensor-PICA
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• ‘robust’ statistics: can estimate common activation 
pattern in the presence of subject-specific 
processes 

Tensor-ICA
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FIG. 1. Artificial spatial maps and time-courses used for the generation of artificial group data.

Multi-Session FMRI data
The data were originally used in (McGonigle et al.,

2000) to study session variability in repeated FMRI ex-
periments: a healthy 23-year old right handed male was
scanned under a visual, cognitive and motor paradigm
in 33 separate sessions over a period of 2 months. The
data used here consists of the first 10 sessions under the
motor paradigm: a block design with 24.6s on/off peri-
ods and right index finger tapping at 1.5 Hz during the
’active’ condition. Data (78 volumes) was collected on
a Siemens Vision (2T) with TR=4.1s, 48*64*64 (3mm iso-
tropic voxels). In addition, a single T1 weighted struc-
tural image was taken at 1x1x1.5mm resolution.

Data pre-processing

The data were individually corrected for head-motion
using MCFLIRT. Mean-based intensity normalisation of
all volumes by the same factor was applied (i.e. grand-
mean scaling so that each of the 10 sessions had the same
mean intensity value when averaged over 78 volumes
and all brain voxels), followed by high-pass temporal
filtering (see above) was performed. The individual
data sets were registered into the space of the high res-
olution T1 image using FLIRT (Jenkinson and Smith,
2001). In order to decrease computational load, the T1
high resolution image was segmented into different tis-
sue types using FMRIB’s Automated Segmentation Tool
(FAST) (Zhang et al., 2001). This provided maximum a-
posteriori estimates for voxel-wise grey matter probab-
ility. Voxels with p > 0.2 (N=47168; ∼ 18% of all intra-
cranial voxels) were included in the tensor analysis so
that X is a 3-way array of dimension 78 × 47168 × 10.

Based on the estimated sample covariance matrix of the
78×471680 matrix XI×JK , the Laplace approximation to
the model estimated a 19-dimensional signal sub-space.
The data for each session was projected onto the space
spanned by the first 19 Eigenvectors and spatially nor-
malised by the voxel-wise variance estimate from the re-
siduals of the projection.

Multi-Subject FMRI data
Five healthy right-handed subjects perfomed 30s

blocks of a visually cued reaction time task involving
left index finger movement, left hand sequential fin-
ger movement and left hand random finger movement
(see (Johansen-Berg et al., 2002) for details).

For each subject, 122 axial echo-planar volumes
(21x6mm slices, TE=30ms, TR=3s, 64*64*21 voxels at
4x4x6mm) were acquired on a 3T Varian/Siemens MRI
system at the Oxford Centre for Functional Magnetic
Imaging of the Brain together with a T1-weighted ana-
tomical image at 1x1x1.5mm resolution.

Data pre-processing

The data were individually corrected for head-motion
using MCFLIRT and spatially smoothed using a Gaus-
sian kernel of FWHM 5mm. Mean-based intensity
normalisation of all volumes by the same factor was
applied, followed by high-pass temporal filtering (see
above) was performed. The individual data sets were
registered into MNI space using FLIRT (Jenkinson and
Smith, 2001) while keeping the data at the functional re-
soultion in order to decrease computational load. The
final 3-way data X was of size 122 × 12839 × 5. Based
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Tensor-ICA vs. PARAFAC

• more accurate (lower RMSE; less cross-talk)

• more robust against overfitting (less sensitive to model 
order selection)
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FIG. 6. Tensor-PICA and PARAFAC decomposition results for data set (E) and estimated spatial map 3.

0

0.5

1

s
p
a
ti
a
l

r=3

0

0.5

1

te
m
p
o
ra
l

T P
0

0.5

1

s
u
b
je
c
t

r=10

T P

r=40

T P

0

0.5

1

s
p
a
ti
a
l

r=3

0

0.5

1

te
m
p
o
ra
l

T P
0

0.5

1

s
u
b
je
c
t

r=10

T P

r=40

T P

0

0.5

1

s
p
a
ti
a
l

r=3

0

0.5

1

te
m
p
o
ra
l

T P
0

0.5

1

s
u
b
je
c
t

r=10

T P

r=40

T P

0

0.5

1

s
p
a
ti
a
l

r=3

0

0.5

1

te
m
p
o
ra
l

T P
0

0.5

1

s
u
b
je
c
t

r=10

T P

r=40

T P

0

0.5

1

s
p
a
ti
a
l

r=3

0

0.5

1

te
m
p
o
ra
l

T P
0

0.5

1

s
u
b
je
c
t

r=10

T P

r=40

T P

(A) (B) (C) (D) (E)

FIG. 7. Accuracy of signal estimation for PARAFAC and tensor-PICA on the artificial FMRI group data (A)-(E). Plots show the correlation
between ’true’ (or best rank-1) modes and estimated modes in the spatial, temporal and subject domain (top to bottom rows respectively) for
PARAFAC (P) and tensor-PICA (T). For each method and data set, the analysis was performed for R = 3, 10 and 40. Different colours show the
estimation accuracy for the three spatial maps shown in figure 1.

for a detailed discussion). The PARAFAC estimates, by
comparison, exhibit a stronger dependence on the num-
ber of estimated sources R. As the number of estimated
sources increases, a larger number of source processes
show ’spurious’ correlations with the true spatial maps.
In the case of data sets (D) and (E), the PARAFAC results
are significantly worse compared to the tensor-PICA res-
ults and do not identify the source processes in any do-
main. These simulations suggests that tensor-PICA is
less sensitive to the model order as well as deviations of
the signal content in the data from the generative three-
way model.

Multi-session FMRI data
For the multi-session FMRI data, we compare PAR-

AFAC and tensor ICA results to GLM mixed-effects
group analysis maps as generated by FLAME (FM-
RIB’s Local Analysis of Mixed Effect; (Woolrich et al.,
2003)). For comparison, spatial maps generated by
any of the three techniques were thresholded using
the Gaussian/Gamma mixture-modelling approach de-
scribed in (Beckmann and Smith, 2004) at a posterior
probability level of p > 0.5, i.e. at the intensity level
where the probability of ’activation’ as modelled by
the Gamma densities exceeds the probability under the
background noise Gaussian density. Individual mixture
model fits are given below each of the thresholded maps,
together with the relevant time course and (in the case of
PARAFAC and tensor-PICA) the estimate of the relative
’activation’ strength per session.
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PARAFAC (P) and tensor-PICA (T). For each method and data set, the analysis was performed for R = 3, 10 and 40. Different colours show the
estimation accuracy for the three spatial maps shown in figure 1.

for a detailed discussion). The PARAFAC estimates, by
comparison, exhibit a stronger dependence on the num-
ber of estimated sources R. As the number of estimated
sources increases, a larger number of source processes
show ’spurious’ correlations with the true spatial maps.
In the case of data sets (D) and (E), the PARAFAC results
are significantly worse compared to the tensor-PICA res-
ults and do not identify the source processes in any do-
main. These simulations suggests that tensor-PICA is
less sensitive to the model order as well as deviations of
the signal content in the data from the generative three-
way model.

Multi-session FMRI data
For the multi-session FMRI data, we compare PAR-

AFAC and tensor ICA results to GLM mixed-effects
group analysis maps as generated by FLAME (FM-
RIB’s Local Analysis of Mixed Effect; (Woolrich et al.,
2003)). For comparison, spatial maps generated by
any of the three techniques were thresholded using
the Gaussian/Gamma mixture-modelling approach de-
scribed in (Beckmann and Smith, 2004) at a posterior
probability level of p > 0.5, i.e. at the intensity level
where the probability of ’activation’ as modelled by
the Gamma densities exceeds the probability under the
background noise Gaussian density. Individual mixture
model fits are given below each of the thresholded maps,
together with the relevant time course and (in the case of
PARAFAC and tensor-PICA) the estimate of the relative
’activation’ strength per session.
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for a detailed discussion). The PARAFAC estimates, by
comparison, exhibit a stronger dependence on the num-
ber of estimated sources R. As the number of estimated
sources increases, a larger number of source processes
show ’spurious’ correlations with the true spatial maps.
In the case of data sets (D) and (E), the PARAFAC results
are significantly worse compared to the tensor-PICA res-
ults and do not identify the source processes in any do-
main. These simulations suggests that tensor-PICA is
less sensitive to the model order as well as deviations of
the signal content in the data from the generative three-
way model.

Multi-session FMRI data
For the multi-session FMRI data, we compare PAR-

AFAC and tensor ICA results to GLM mixed-effects
group analysis maps as generated by FLAME (FM-
RIB’s Local Analysis of Mixed Effect; (Woolrich et al.,
2003)). For comparison, spatial maps generated by
any of the three techniques were thresholded using
the Gaussian/Gamma mixture-modelling approach de-
scribed in (Beckmann and Smith, 2004) at a posterior
probability level of p > 0.5, i.e. at the intensity level
where the probability of ’activation’ as modelled by
the Gamma densities exceeds the probability under the
background noise Gaussian density. Individual mixture
model fits are given below each of the thresholded maps,
together with the relevant time course and (in the case of
PARAFAC and tensor-PICA) the estimate of the relative
’activation’ strength per session.
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for a detailed discussion). The PARAFAC estimates, by
comparison, exhibit a stronger dependence on the num-
ber of estimated sources R. As the number of estimated
sources increases, a larger number of source processes
show ’spurious’ correlations with the true spatial maps.
In the case of data sets (D) and (E), the PARAFAC results
are significantly worse compared to the tensor-PICA res-
ults and do not identify the source processes in any do-
main. These simulations suggests that tensor-PICA is
less sensitive to the model order as well as deviations of
the signal content in the data from the generative three-
way model.

Multi-session FMRI data
For the multi-session FMRI data, we compare PAR-

AFAC and tensor ICA results to GLM mixed-effects
group analysis maps as generated by FLAME (FM-
RIB’s Local Analysis of Mixed Effect; (Woolrich et al.,
2003)). For comparison, spatial maps generated by
any of the three techniques were thresholded using
the Gaussian/Gamma mixture-modelling approach de-
scribed in (Beckmann and Smith, 2004) at a posterior
probability level of p > 0.5, i.e. at the intensity level
where the probability of ’activation’ as modelled by
the Gamma densities exceeds the probability under the
background noise Gaussian density. Individual mixture
model fits are given below each of the thresholded maps,
together with the relevant time course and (in the case of
PARAFAC and tensor-PICA) the estimate of the relative
’activation’ strength per session.
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for a detailed discussion). The PARAFAC estimates, by
comparison, exhibit a stronger dependence on the num-
ber of estimated sources R. As the number of estimated
sources increases, a larger number of source processes
show ’spurious’ correlations with the true spatial maps.
In the case of data sets (D) and (E), the PARAFAC results
are significantly worse compared to the tensor-PICA res-
ults and do not identify the source processes in any do-
main. These simulations suggests that tensor-PICA is
less sensitive to the model order as well as deviations of
the signal content in the data from the generative three-
way model.

Multi-session FMRI data
For the multi-session FMRI data, we compare PAR-

AFAC and tensor ICA results to GLM mixed-effects
group analysis maps as generated by FLAME (FM-
RIB’s Local Analysis of Mixed Effect; (Woolrich et al.,
2003)). For comparison, spatial maps generated by
any of the three techniques were thresholded using
the Gaussian/Gamma mixture-modelling approach de-
scribed in (Beckmann and Smith, 2004) at a posterior
probability level of p > 0.5, i.e. at the intensity level
where the probability of ’activation’ as modelled by
the Gamma densities exceeds the probability under the
background noise Gaussian density. Individual mixture
model fits are given below each of the thresholded maps,
together with the relevant time course and (in the case of
PARAFAC and tensor-PICA) the estimate of the relative
’activation’ strength per session.
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Tensor-ICA vs. PARAFAC

• more accurate (lower RMSE; less cross-talk)

• more robust against overfitting (less sensitive to model 
order selection)

• less computationally demanding
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Tensor-ICA multi-session example

• 10 sessions under 
motor paradigm 
(right index finger 
tapping) 

• Group-level GLM 
results (mixed-
effects)

McGonigle et al.
NI 2000

59Thursday, 21 July 2011



• tensor-ICA map
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Tensor-ICA multi-session example
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Tensor-ICA multi-session example
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• residual stimulus 
correlated motion
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Tensor-ICA multi-subject example

• reaction-time task (index 
vs. sequential vs. random 
finger movement
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Tensor-ICA multi-subject example

• reaction-time task (index 
vs. sequential vs. random 
finger movement

• r > 0.84 regression fit of 
GLM model against time 
course
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Tensor-ICA multi-subject example

• reaction-time task (index 
vs. sequential vs. random 
finger movement

• r > 0.84 regression fit of 
GLM model against time 
course

• GLM on associated time-
course shows significant 
(p<0.01) differences:             
I < S < R

0 20 40 60 80 100 120

0

associated time course

− I S R − R S I − S I R
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Tensor-ICA
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Tensor-ICA

• simultaneously estimates processes in the temporal 
& spatial & session/subject domain
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Tensor-ICA

• simultaneously estimates processes in the temporal 
& spatial & session/subject domain

• full mixed-effects model

• can use parametric stats on estimated time courses 
and session/subject modes

• robust statistics: can deal with outlier processes

• MELODIC3
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Multiple spatial patterns of correlated temporal 
dynamics, resembling activation maps

• can be found in FMRI data (BOLD & ASL) 
obtained at rest and in activation data

• characterised by (apparent) low frequency 
power spectra... 

• seen when awake/sleep/anaesthesia, human/
animals

Also referred to as:  “low-frequency correlations”, “default 
activity”, “default mode”, “spontaneous network correlations”, 
“intrinsic connectivity networks” ...

Resting-State Networks
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Spatial characteristics

• RSNs are grey-matter networks

66Thursday, 21 July 2011



RSNs vs cardiac and respiraton
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ICA separates RSNs from non-neural physiological and scanner artefacts 
(also see Birn, Human Brain Mapping, 2007)
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Spatial characteristics
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Spatial characteristics
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RSN consistency

0.5% 3% 0.1% 50%

Damoiseaux et al., PNAS 2006

CoV
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functional & structural conn.

• absent contra-
lateral 
connectivity in 
agenesis of CC

auditory cortex is summarized (Table, part B). In
patient 1, for a voxel cluster in the left sensorimotor
cortex and one in the right auditory cortex, six and
nine voxels in the ipsilateral cortex and none in the
contralateral cortex demonstrated functional connec-
tivity. In patient 2, voxels clusters selected in the left
and right sensorimotor cortex demonstrated five to 10
ipsilateral functionally connected voxels and no con-
tralateral functionally connected voxels. In patient 3,
the voxel clusters in the left and right auditory cortex
demonstrated ipsilateral functional connectivity but
not contralateral connectively (Fig 2).

In each of the three subjects, the number function-
ally connected voxels in eloquent cortex ipsilateral to
the seed voxel greatly exceeded the number of func-
tionally connected voxels in the contralateral cortex.
The null hypothesis that no difference exists between
the number of functionally connected voxels in the
ipsilateral and contralateral hemispheres was tested
with the Wilcoxon signed rank test. The probability
that the null hypothesis is correct was P ! .01 for
sensorimotor and auditory cortex.

For comparison purposes, a functional connectivity
analysis was undertaken in a healthy volunteers with
an intact corpus callosum. The results are shown in
Figure 3. In contrast to the patient data, one can
clearly see connectivity both ipsilateral and contralat-
eral to the seed voxel. This finding implies connectiv-
ity between the hemispheres.

Discussion
The results of this study show that interhemispheric

connectivity is reduced in patients with agenesis of
the corpus callosum. For every voxel cluster selected,
the number of functionally connected voxels in the
ipsilateral hemisphere exceeded that in the contralat-
eral hemisphere. This result contrasts with high inter-
hemispheric connectivity reported in healthy subjects
and in patients with an intact corpus callosum (1, 2).
The methods were used in this study were essentially
identical to those used in studies that demonstrated
functional connectivity distributed between hemi-
spheres in healthy subjects and in patients with an
intact corpus callosum (2).

FIG 2. Functional connectivity in the au-
ditory cortex of the three patients with
agenesis of the corpus callosum. Left, Im-
age displays the activation data from the
auditory cortex during a text-listening
task. Middle, Image displays the func-
tional connectivity data as the voxels
functionally connected to a seed voxel
cluster were chosen in the right auditory
cortex. Right, Image displays the func-
tional connectivity data as voxels func-
tionally connected to a seed voxel were
selected in the left auditory cortex.

A, Patient A.
B, Patient B.
C, Patient C

FIG 3. Functional connectivity maps from healthy control sub-
jects with an intact corpus callosum. Notice the bilateral con-
nectivity in both maps in contrast to the agenesis data shown in
Figures 1 and 2.

A, Seed voxel chosen from the right auditory cortex.
B, Seed voxel chosen from the right sensorimotor cortex.

AJNR: 24, February 2003 CORPUS COLLOSUM 211

Quigley et al., Am J Neuroradiol, 2003
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Figure 1. 

Target masks defined in MNI space. 

 

[there is no place in the HBM website to enter figure legends, so I put all 

essential info in the text]

Parcellation of Cerebellum
 

 

 

 
 

 

 

Figure 2. 
 

O’Reilly et al 
Cerb Cort 2009
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RSNs are ‘low-
frequency oscillations’? 

0 0.16frequency (Hz)

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

0 0.25

00

frequency (Hz)

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

example RSN (the “default mode network”) from low-TR data 
(3x3x3mm, TR=350ms, 9 slices, 11 minutes of subject at rest)
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Temporal characteristics

0 0.16frequency (Hz)

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

example RSN (the “default mode network”) from low-TR data 
(3x3x3mm, TR=350ms, 9 slices, 11 minutes of subject at rest)
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(3x3x3mm, TR=350ms, 9 slices, 11 minutes of subject at rest)
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RSNs

• Resting-state 
Networks are 
broadband 
processes!

• no 1/f 
characteristics!

Niazy, R et al. (2011)
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RSN analysis
Need to estimate whole-brain temporal 
correlations...

Two popular approaches for RSN analysis:

• Seed-based correlation (Biswal, Raichle/Fox)

• ICA-based analysis (Kiviniemi, Beckmann, Calhoun)

Need to define consistent methods for group 
analysis
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Seed-based analysis

✘✘✘✘✘✿
✘✘✘✘✘✿

(a) (b)

highest Z-score seed voxelR L

Activation maps from a
 finger tapping experiment

Correlation maps from a
 resting state experiment

highest Z - score seed voxel

• Biswal (1995) first studied resting correlations through 
reference time course:                                               

Biswal et al. (1995) MRM

Functional Connectivity maps
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... and the seed-
selection bias

• models only effect of interest

- potentially ignoring secondary effect and/
or nuisance effects

• analysis becomes conditional on the 
specific seed location

- need to define consistent way of defining 
seed within and across subjects

?
=
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Seed-selection

✘✘✘✘✘✿
✘✘✘✘✘✿

(a) (b)

highest Z-score seed voxelR L

Activation maps from a
 finger tapping experiment

Correlation maps from a
 resting state experiment

highest Z - score seed voxel

Beckmann et al (2005)
Philos Trans R Soc Lond, B, Biol Sci
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Seed-selection
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Activation maps from a
 finger tapping experiment

Correlation maps from a
 resting state experiment
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(c)

Spatial maps from an ICA decomposition

Beckmann et al (2005)
Philos Trans R Soc Lond, B, Biol Sci
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Cole et al (2010) 
Front Syst Neurosci

Seed-selection bias
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Front Syst Neurosci

Seed-selection bias
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Cole et al (2010) 
Front Syst Neurosci

Seed-selection bias
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ICA bias & 
dimensionality reduction

• FMRI data are large...

• ...particularly at the group level

• common to reduce dimensionality by 
means of a Principal Component Analysis
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Principal Component 
Analysis

• PCA: data is decomposed into a set of uncorrelated 
spatial maps and uncorrelated time courses such 
that a maximal amount of variance is retained  

• lossy process!

space

# PC
s

=

tim
e Scan #k 

FMRI data

major Eigen-
maps

tim
e

# PCsspace

minor Eigen-
maps
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Detour: primary vs. 
differential contrasts

• Even when primary 
effects are large...                     
(express loads of variance)

Haxby et al. (2001)
Science

made objects. This specificity is not restricted
to categories for which dedicated systems
might have evolved because of their biolog-
ical significance. The specificity of the pat-
tern of response for each category was a
property of a much greater extent of object-
selective cortex in the ventral temporal lobe
than the sector that responded maximally to
that category. The category being viewed still
could be identified when the cortex that re-
sponded maximally to that category was ex-
cluded from the analysis. This result indicates
that the representations of faces and objects
in ventral temporal cortex are widely distrib-
uted and overlapping and that small or sub-
maximal responses are an integral part of
these representations. When the analysis was
further restricted to regions that responded
maximally to a single category (houses, fac-
es, or cats) or a small number of categories
(i.e., man-made objects—bottles, scissors,
shoes, and chairs), the patterns of response to
other categories within these regions were
still significantly distinct. This result suggests
that regions such as the “parahippocampal
place area” or the “fusiform face area” are not
dedicated to representing only spatial ar-
rangements or human faces but, rather, are
part of a more extended representation for all
objects (25).
Object form topography. We have

shown in previous studies that the maximally
responsive regions for several of these cate-
gories—faces, houses, chairs, animals, and
tools—have a consistent topography across
individuals (12–14 ). Here, we show that the
topographic arrangement of the full pattern of
response is consistent within subjects, but we
are not able to perform a similar correlational
analysis across subjects because current
methods for warping individual brains to a
common shape are inadequate at this level of
detail. The spatial resolution of this topogra-
phy is smaller than that defined by category-
selective areas (!1 cm), because category-
related patterns can be discerned within these
areas, and greater than that of randomly ar-
ranged single columns or small clusters of
columns ("1 mm), because of the spatial
resolution of the fMRI images in this study
(!3.5 mm). Single-unit recording studies in
the monkey have suggested the existence of a
columnar organization for representations of
complex features of form but have not re-
vealed any larger scale topographic arrange-
ment (2).

We have proposed the term object form
topography for the topographic organization
of the distributed representation of faces and
objects in ventral temporal cortex. Our results
demonstrate a spatially organized functional
architecture within subregions of ventral tem-
poral cortex that are defined by a maximal
response to a single object category. This
architecture may be analogous to that found

Fig. 3. The category specificity of patterns of response was analyzed with pairwise contrasts
between within-category and between-category correlations. The pattern of response to each
category was measured separately from data obtained on even-numbered and odd-numbered
runs in each individual subject. These patterns were normalized to a mean of zero in each voxel
across categories by subtracting the mean response across all categories. Brain images shown
here are the normalized patterns of response in two axial slices in a single subject. The left side
of the brain is on the left side of each image. Responses in all object-selective voxels in ventral
temporal cortex are shown. For each pairwise comparison, the within-category correlation is
compared with one between-category correlation. (A) Comparisons between the patterns of
response to faces and houses in one subject. The within-category correlations for faces (r #
0.81) and houses (r # 0.87) are both markedly larger than the between-category correlations,
yielding correct identifications of the category being viewed. (B) Comparisons between the
patterns of response to chairs and shoes in the same subject. The category being viewed was
identified correctly for all comparisons. (C) Mean response across all categories relative to a
resting baseline.
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selective cortex in the ventral temporal lobe
than the sector that responded maximally to
that category. The category being viewed still
could be identified when the cortex that re-
sponded maximally to that category was ex-
cluded from the analysis. This result indicates
that the representations of faces and objects
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these representations. When the analysis was
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(i.e., man-made objects—bottles, scissors,
shoes, and chairs), the patterns of response to
other categories within these regions were
still significantly distinct. This result suggests
that regions such as the “parahippocampal
place area” or the “fusiform face area” are not
dedicated to representing only spatial ar-
rangements or human faces but, rather, are
part of a more extended representation for all
objects (25).
Object form topography. We have

shown in previous studies that the maximally
responsive regions for several of these cate-
gories—faces, houses, chairs, animals, and
tools—have a consistent topography across
individuals (12–14 ). Here, we show that the
topographic arrangement of the full pattern of
response is consistent within subjects, but we
are not able to perform a similar correlational
analysis across subjects because current
methods for warping individual brains to a
common shape are inadequate at this level of
detail. The spatial resolution of this topogra-
phy is smaller than that defined by category-
selective areas (!1 cm), because category-
related patterns can be discerned within these
areas, and greater than that of randomly ar-
ranged single columns or small clusters of
columns ("1 mm), because of the spatial
resolution of the fMRI images in this study
(!3.5 mm). Single-unit recording studies in
the monkey have suggested the existence of a
columnar organization for representations of
complex features of form but have not re-
vealed any larger scale topographic arrange-
ment (2).

We have proposed the term object form
topography for the topographic organization
of the distributed representation of faces and
objects in ventral temporal cortex. Our results
demonstrate a spatially organized functional
architecture within subregions of ventral tem-
poral cortex that are defined by a maximal
response to a single object category. This
architecture may be analogous to that found

Fig. 3. The category specificity of patterns of response was analyzed with pairwise contrasts
between within-category and between-category correlations. The pattern of response to each
category was measured separately from data obtained on even-numbered and odd-numbered
runs in each individual subject. These patterns were normalized to a mean of zero in each voxel
across categories by subtracting the mean response across all categories. Brain images shown
here are the normalized patterns of response in two axial slices in a single subject. The left side
of the brain is on the left side of each image. Responses in all object-selective voxels in ventral
temporal cortex are shown. For each pairwise comparison, the within-category correlation is
compared with one between-category correlation. (A) Comparisons between the patterns of
response to faces and houses in one subject. The within-category correlations for faces (r #
0.81) and houses (r # 0.87) are both markedly larger than the between-category correlations,
yielding correct identifications of the category being viewed. (B) Comparisons between the
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Detour: primary vs. 
differential contrasts

• Even when primary 
effects are large...                     
(express loads of variance)

• ... differential effects can 
be very small        
(express little variance)

Figure 3. Results of Part II. Left column, Sample stimuli used for the faces versus objects comparison as well as the two subsequent tests. Center column, Areas that produced

significantly greater activation for faces than control stimuli for subject S1. a, The faces versus objects comparison was used to define a single ROI (shown in green outline for

S1), separately for each subject. The time courses in the right column were produced by (1) averaging the percentage signal change across all voxels in a given subject’s ROI

(using the original unsmoothed data), and then (2) averaging these ROI-averages across the five subjects. F and O in a indicate face and object epochs; I and S in b indicate

intact and scrambled face epochs; and F and H in c indicate face and hand epochs.

Figure 4. Results of Part III. Stimulus contrasts for each test are shown in the left column. a, Face ROIs were defined separately for each subject using the average of two face versus

object scans as described for Figure 3a. The resulting brain slice with statistical overlay for one subject (S10) is shown in the center column, and the time course of signal intensity averaged

over the five subjects’ ROIs is shown at the right. As described for Figure 3a (Part II), the ROI specified on the basis of the faces versus objects comparison was used for the two

subsequent comparisons of passive viewing of three-quarter faces versus hands (b), and the consecutive matching task on three-quarter faces versus hands (c).
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S1), separately for each subject. The time courses in the right column were produced by (1) averaging the percentage signal change across all voxels in a given subject’s ROI
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Figure 4. Results of Part III. Stimulus contrasts for each test are shown in the left column. a, Face ROIs were defined separately for each subject using the average of two face versus

object scans as described for Figure 3a. The resulting brain slice with statistical overlay for one subject (S10) is shown in the center column, and the time course of signal intensity averaged

over the five subjects’ ROIs is shown at the right. As described for Figure 3a (Part II), the ROI specified on the basis of the faces versus objects comparison was used for the two
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Kanwisher et al. (1997)
 J NeuroSci

Faces > Houses
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Detour: primary vs. 
differential contrasts

• Even when primary 
effects are large...                     
(express loads of variance)

• ... differential effects can 
be very small        
(express little variance)

• PCA suitable for the 
former, less suitable for 
the latter!

Figure 3. Results of Part II. Left column, Sample stimuli used for the faces versus objects comparison as well as the two subsequent tests. Center column, Areas that produced

significantly greater activation for faces than control stimuli for subject S1. a, The faces versus objects comparison was used to define a single ROI (shown in green outline for

S1), separately for each subject. The time courses in the right column were produced by (1) averaging the percentage signal change across all voxels in a given subject’s ROI

(using the original unsmoothed data), and then (2) averaging these ROI-averages across the five subjects. F and O in a indicate face and object epochs; I and S in b indicate

intact and scrambled face epochs; and F and H in c indicate face and hand epochs.

Figure 4. Results of Part III. Stimulus contrasts for each test are shown in the left column. a, Face ROIs were defined separately for each subject using the average of two face versus

object scans as described for Figure 3a. The resulting brain slice with statistical overlay for one subject (S10) is shown in the center column, and the time course of signal intensity averaged

over the five subjects’ ROIs is shown at the right. As described for Figure 3a (Part II), the ROI specified on the basis of the faces versus objects comparison was used for the two

subsequent comparisons of passive viewing of three-quarter faces versus hands (b), and the consecutive matching task on three-quarter faces versus hands (c).
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(using the original unsmoothed data), and then (2) averaging these ROI-averages across the five subjects. F and O in a indicate face and object epochs; I and S in b indicate

intact and scrambled face epochs; and F and H in c indicate face and hand epochs.

Figure 4. Results of Part III. Stimulus contrasts for each test are shown in the left column. a, Face ROIs were defined separately for each subject using the average of two face versus

object scans as described for Figure 3a. The resulting brain slice with statistical overlay for one subject (S10) is shown in the center column, and the time course of signal intensity averaged

over the five subjects’ ROIs is shown at the right. As described for Figure 3a (Part II), the ROI specified on the basis of the faces versus objects comparison was used for the two

subsequent comparisons of passive viewing of three-quarter faces versus hands (b), and the consecutive matching task on three-quarter faces versus hands (c).
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PCA bias

• within-subject bias:

- tissue-type bias & variance normalisation

• between-subject bias:

- between major & minor subspace

- within the major subspace
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PCA tissue-type bias

• Without normalisation PCA is biased towards tissue 
exhibiting strong temporal variation

• use variance-normalisation to obtain uniform specificity

voxel-wise temporal 
standard deviations

0

100

(log) - frequency of voxels 
appearing in major PCA space

0

3
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between major & minor 
subspace

- 2 subjects, only a single (identical) RSN 

A

B
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subspace
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between major & minor 
subspace

- 2 subjects, only a single (identical) RSN 

- one of the subjects has strong motion

- Inverting PCA will find significant difference 
wrt RSN

False-positive detection!

PCA cut-off
A

B
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within the major 
subspace

A

B

PCA cut-off

rA12⋍0

rB12⋍0.3
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- 2 subjects, 2 effects, different degree of temporal 
correlation

within the major 
subspace

A

B

PCA cut-off

rA12⋍0

rB12⋍0.3

88Thursday, 21 July 2011



- 2 subjects, 2 effects, different degree of temporal 
correlation

- PCA will represent effect 1 differently in the two 
subjects

within the major 
subspace

A

B

PCA cut-off

rA12⋍0

rB12⋍0.3
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• Inverting PCA will use deflected vectors 
and over- or under-estimate effects

Difference in signal representation    
within the major subspace

False-positive or false-negative detection!
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Difference in signal representation    
within the major subspace
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• Note: in higher-dimensional cases the subspaces 
for A and B will in general not be the same (don;t 
just differ by rotation)!

• Can only talk about the joint (intersection) space 
in confidence

Difference in signal representation    
within the major subspace
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How to do multi-
subject PCA?

• Ideally want to use the full 
NT x NT covariance matrix

• subject-specific PCA uses Cii 

only 

• Cij (i≠j) contains the relevant 
cross-subject

• subject-specific PCA ignores 
these terms

C11 C12 ... C1n

C21 C22

Cn1 C1n

... ...

NxT

N
xT
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How to do multi-
subject PCA?

• Ideally want to use the full 
NT x NT covariance matrix

• subject-specific PCA uses Cii 

only 

• Cij (i≠j) contains the relevant 
cross-subject information

• subject-specific PCA ignores 
these terms!

C11 C12 ... C1n

C21 C22

Cn1 C1n

... ...

NxT

N
xT
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group-PCA
• based on the average data 

matrix find Eigen-maps
C11 C12 ... C1n

C21 C22

Cn1 C1n

... ...

NxT

N
xT
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group-PCA
• based on the average data 

matrix find Eigen-maps
C11 C12 ... C1n

C21 C22

Cn1 C1n

... ...

NxT

N
xT

Group Analysis of Resting-FMRI data using concat-ICA and Dual Regression
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Abstract

Keywords: Resting-State FMRI, Independent Component Analysis, Dual Regression, Group Analysis

1. Introduction

2. Model

Yi = SiA i + Ei , where Ei
·j ∼ N(0,σ2Y I) (1)

Si = Sg + Eg where Eg ∼ N(0,σ2gI) (2)

Equation XX

Si ∼ N(Sg,σ2gI). (3)

Yi ∼ N(SiA i ,σ2Y I) (4)
Si ∼ N(Sg,σ2gI) (5)

Sg known (6)

p(S) ∝ 1
σ2N

g

�
exp

−

1
2σ2g

(Sg − Si)2

 (7)

×
�

exp

−

1
2σ2Y

(Si − Yi)2

 (8)

Yi = SgAi + �E where �E ∼ N(0,σ2gI + σ2Y I) (9)
�Ai = S†gY i (10)

∗Corresponding author
Email address: beckmann@fmrib.ox.ac.uk (Christian F.

Beckmann)

Si ∼ N(α1Ai†Yi + α2Sg, 1/β2) with (11)

α1 =
1/σ2Y

1/σ2Y + 1/σ2g
, α2 =

1/σ2g
1/σ2Y + 1/σ2g

(12)

β2 = 1/σ2Y + 1/σ2g (13)

for σg >> σY : �Si = �Ai
†
Yi (14)

σg → ∞ (15)

Yi = UiDiVt (16)
1
N

�

i

Y i = �U�DVt (17)

provided
�

i∈K
Yi (18)

Here, the groups maps Sg and associated vari-
ances serve as hyperparameters for the normal dis-
tribution characterising the distribution of subject-
specific maps Si . Combined, equations XX and
XX form a two-level multivariate normal hierarchical
model where at the first level individual data Yi is be-
ing expressed
Our aim is to find suitable estimates for the unob-

served subject-specific component maps Si which, at
the higher-level, we assume are normally distributed
around a set of fixed maps Sg. The full posterior

Preprint submitted to NeuroImage June 2, 2010
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group-PCA
• based on the average data 

matrix find Eigen-maps

• solve for          s.t. 
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Si ∼ N(α1Ai†Yi + α2Sg, 1/β2) with (11)

α1 =
1/σ2Y

1/σ2Y + 1/σ2g
, α2 =
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1/σ2Y + 1/σ2g

(12)

β2 = 1/σ2Y + 1/σ2g (13)

for σg >> σY : �Si = �Ai
†
Yi (14)

σg → ∞ (15)

Yi = UiDiVt (16)

Here, the groups maps Sg and associated vari-
ances serve as hyperparameters for the normal dis-
tribution characterising the distribution of subject-
specific maps Si . Combined, equations XX and
XX form a two-level multivariate normal hierarchical
model where at the first level individual data Yi is be-
ing expressed
Our aim is to find suitable estimates for the unob-

served subject-specific component maps Si which, at
the higher-level, we assume are normally distributed
around a set of fixed maps Sg. The full posterior
distribution (assuming that first level variances are
known) is a simple product of Gaussians so that

√(Si ,Sg | ∝
N�

1
N(, )

N�

1
N(, ) (17)

Using Bayes’ rule
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group-PCA
• based on the average data 

matrix find Eigen-maps

• solve for          s.t. 

• reduce dim. per subject 
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N
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Here, the groups maps Sg and associated vari-
ances serve as hyperparameters for the normal dis-
tribution characterising the distribution of subject-
specific maps Si . Combined, equations XX and
XX form a two-level multivariate normal hierarchical
model where at the first level individual data Yi is be-
ing expressed
Our aim is to find suitable estimates for the unob-

served subject-specific component maps Si which, at
the higher-level, we assume are normally distributed
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Si ∼ N(α1Ai†Yi + α2Sg, 1/β2) with (11)

α1 =
1/σ2Y

1/σ2Y + 1/σ2g
, α2 =
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Here, the groups maps Sg and associated vari-
ances serve as hyperparameters for the normal dis-
tribution characterising the distribution of subject-
specific maps Si . Combined, equations XX and
XX form a two-level multivariate normal hierarchical
model where at the first level individual data Yi is be-
ing expressed
Our aim is to find suitable estimates for the unob-

served subject-specific component maps Si which, at
the higher-level, we assume are normally distributed
around a set of fixed maps Sg. The full posterior
distribution (assuming that first level variances are
known) is a simple product of Gaussians so that
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Using Bayes’ rule
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Concat-ICA

• Concatenate all subjects’ data temporally                 
(Actually:  group-based PCA reduction on each subject, then concat, then PCA reduction)

• then run ICA to obtain group maps
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How to get subject-
specific maps?

• could track all (temporal) transformation Fi used 
to find spatial group maps, then use inverse, e.g. 
‘Back-Projection’ (Calhoun et al. 2001, HBM)

• but if forward projections are lossy/biased this 
can’t be recovered in the backward projections!

• instead, need to avoid PCA bias  

‣ remove all dependence on the initial PCA(s)
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‘Dual regression’ model

• Model each subject’s data as a linear 
combination of spatial maps and noise

• assume all spatial maps are sampled from 
underlying group maps, e.g. from Concat-ICA
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Si ∼ N(α1, 1/β2) with (10)

αi =
Yi/σ2 + Sg/σ2g

1/σ2 + 1/σ2g
(11)

β2 = 1/σ2 + 1/σ2g (12)

Here, the groups maps Sg and associated vari-
ances serve as hyperparameters for the normal dis-
tribution characterising the distribution of subject-
specific maps Si . Combined, equations XX and
XX form a two-level multivariate normal hierarchical
model where at the first level individual data Yi is be-
ing expressed
Our aim is to find suitable estimates for the unob-

served subject-specific component maps Si which, at
the higher-level, we assume are normally distributed
around a set of fixed maps Sg. The full posterior
distribution (assuming that first level variances are
known) is a simple product of Gaussians so that
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Hierarchical Normal-Normal model

• can use Empirical Bayes for estimation

‘Dual regression’ model

Group Analysis of Resting-FMRI data using concat-ICA and Dual Regression

Christian F. Beckmanna,b,∗, Mark W. Woolrichb, Stephen M. Smithb

aImperial College London, Department of Clinical Neurosciences, Hammersmith Campus, DuCane Road, London, UK
bOxford Centre for Functional Magnetic Resonance Imaging of the Brain (FMRIB), Department of Clinical Neurology, University of Oxford,

John Radcliffe Hospital, Headley Way, Headington, Oxford, UK

Abstract

Keywords: Resting-State FMRI, Independent Component Analysis, Dual Regression, Group Analysis

1. Introduction

2. Model

Yi = SiA i + Ei , where Ei
·j ∼ N(0,σ2Y I) (1)

Si = Sg + Eg where Eg ∼ N(0,σ2gI) (2)

Equation XX

Si ∼ N(Sg,σ2gI). (3)

Yi ∼ N(SiA i ,σ2Y I) (4)
Si ∼ N(Sg,σ2gI) (5)

Sg known (6)

p(S) ∝ 1
σ2N

g

�
exp

−

1
2σ2g

(Sg − Si)2

 (7)

×
�

exp

−

1
2σ2Y

(Si − Yi)2

 (8)

Yi = SgAi + �E where �E ∼ N(0,σ2gI + σ2Y I) (9)
�Ai = S†gY i (10)

∗Corresponding author
Email address: beckmann@fmrib.ox.ac.uk (Christian F.

Beckmann)

Si ∼ N(α1Ai†Yi + α2Sg, 1/β2) with (11)

α1 =
1/σ2Y

1/σ2Y + 1/σ2g
, α2 =

1/σ2g
1/σ2Y + 1/σ2g

(12)

β2 = 1/σ2Y + 1/σ2g (13)

�Si = �AiY i (14)

Here, the groups maps Sg and associated vari-
ances serve as hyperparameters for the normal dis-
tribution characterising the distribution of subject-
specific maps Si . Combined, equations XX and
XX form a two-level multivariate normal hierarchical
model where at the first level individual data Yi is be-
ing expressed
Our aim is to find suitable estimates for the unob-

served subject-specific component maps Si which, at
the higher-level, we assume are normally distributed
around a set of fixed maps Sg. The full posterior
distribution (assuming that first level variances are
known) is a simple product of Gaussians so that

√(Si ,Sg | ∝
N�

1
N(, )

N�

1
N(, ) (15)

Using Bayes’ rule

3. Discussion

4. Conclusion

5. Acknowledgements

Preprint submitted to NeuroImage June 2, 2010

98Thursday, 21 July 2011



• wrt temporal modes

• ...so estimates can be 
obtained using simple 
spatial regression of 
group-ICA maps against 
data

‘Dual regression’
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• wrt subject-specific spatial maps

‘Dual regression’
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• wrt subject-specific spatial maps

‘Dual regression’
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‘Dual regression’
• Regress spatial ICs into each 

subject’s 4D data to find 
subject-specific timecourses

• regress these back into the 
4D data to find subject-
specific spatial ICs 
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‘Dual regression’
• Collect maps and perform voxel-wise non-parametric 

randomisation test on GLM

• Can now do voxelwise testing across subjects, separately 
for each original group ICA map
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• PCA bias prevents meaningful comparison of 

differential effects
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Dual Regression
• PCA bias prevents meaningful comparison of 

differential effects

• hard to detect (in sum-of-squares 
evaluations) so simulations of very limited 
validity and utility

• need to use unbiased methods when inferring 
differences in connectivity based on maps which 
show similarity in connectivity
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Neural connections, providing the substrate for functional net-
works, exist whether or not they are functionally active at any
given moment. However, it is not known to what extent brain
regions are continuously interacting when the brain is ‘‘at rest.’’ In
this work, we identify the major explicit activation networks by
carrying out an image-based activation network analysis of thou-
sands of separate activation maps derived from the BrainMap
database of functional imaging studies, involving nearly 30,000
human subjects. Independently, we extract the major covarying
networks in the resting brain, as imaged with functional magnetic
resonance imaging in 36 subjects at rest. The sets of major brain
networks, and their decompositions into subnetworks, show close
correspondence between the independent analyses of resting and
activation brain dynamics. We conclude that the full repertoire of
functional networks utilized by the brain in action is continuously
and dynamically ‘‘active’’ even when at ‘‘rest.’’

brain connectivity ! BrainMap ! FMRI ! functional connectivity !
resting-state networks

Spontaneous fluctuations in the brain have been studied with
functional magnetic resonance imaging (FMRI) since it was

first noted that, even with the subject at rest, the FMRI time
series from one part of the motor cortex were temporally
correlated with other parts of the same functional network (1).
Following this, several other networks of correlated temporal
patterns in the ‘‘resting brain’’ have been identified. These
distinct patterns can be separated from each other from a single
resting FMRI dataset, because, although each has relatively
consistent time courses across its set of involved regions, the
different networks have different temporal characteristics from
each other (2–4). The networks continue to covary even when
the subject is asleep (5) and under anesthesia (6). Furthermore,
several networks have been found to be spatially consistent
across different subjects (7). Although such ‘‘resting state net-
works’’ (RSNs), and related networks of deactivation under task,
have also been investigated in other modalities such as electro-
encephalography (EEG) (8) and positron emission tomography
(PET) (9), the majority of the research to date has used FMRI.
In addition to offering information about the structure and
function of the healthy brain, the study of RSNs has already been
shown to be of great potential clinical value, providing rich and
sensitive markers of disease (10, 11). Although there has been
concern that some patterns of spatially extended spontaneous
signals may be of nonneural physiological origin (12), these
concerns are increasingly being addressed (13), and it has been
posited that RSNs do reflect functional networks (see an excel-
lent review in ref. 14). However, to date, it has not been shown
to what extent the RSN ‘‘functional networks’’ match the full set
of functional networks used by the active brain undergoing a
comprehensive set of task types. In this study, we compared
network analyses from 36 subjects’ resting FMRI data against
the entirety of a large database of activation studies to test the

hypothesis that the set of functional networks seen in resting data
closely matches the set derived from thousands of different
activation conditions.

To this end, we have used BrainMap (15, 16), currently the
largest database of FMRI and PET brain activation studies. At
present, !1,600 journal articles are included; at the end of 2007,
this represented 19% of all published imaging studies (17). Each
study typically includes several different task conditions and
contrasts between these; !7,000 functional maps are summa-
rized in terms of the coordinate locations of peaks of activation
(or differential activation between conditions). In addition, a
large amount of study information is included in the database,
including carefully structured, rich descriptive text detailing the
experimental paradigm. Each paradigm is also categorized under
one or more of 66 behavioral domain classifications; these
provide a more simplistic summary of the experimental tasks but
are immediately quantitatively useful. Metaanalysis investiga-
tions of such databases often begin by reforming ‘‘pseudoacti-
vation images’’ from the list of activation peak locations (18, 19).
It is then possible to investigate cooccurrence of different
activation sites across the range of experiments represented in
the database. A previous analysis of activation images from
BrainMap used such an approach to produce an exploratory tool
that allows the user to specify a brain location; the tool then
generates an image showing which other brain locations tend to
coactivate, across all paradigms, with the seed point (20). Here,
we take this further by estimating the primary set of independent
networks of activation that represent the major modes of coac-
tivation across all activation images. We have done this using
independent component analysis (ICA), a powerful data-driven
approach for finding independent patterns in multivariate data.
This allows us to identify the major functional networks in the
brain as estimated from, and hence representative of, a signif-
icant proportion of all functional activation studies carried out to
date.

Our ICA-based analyses of BrainMap and the resting FMRI
data were carried out independently of each other. In each case,
we estimated a set of spatial maps and associated time courses
in this fully data-driven (unconstrained) analysis of the major
modes, or networks, of covariance across the brain. In the case
of the resting FMRI data, the time courses correspond to the
average spontaneous fluctuation within the corresponding spa-
tial map, and in the case of BrainMap, ‘‘time’’ is the experiment
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The functional architecture of the human brain:
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BrainMap, RIC, San Antonio
Data

• 1687 FMRI / PET activation studies (19% of all published activation imaging studies)
• 7342 separate activation conditions/contrasts
• 29,671 human subjects
• 66 “Behavioural domains” (gross paradigm classifications)

Resting FMRI data
Data

• 36 healthy subjects, age 20-35
• Subjects at rest, eyes open, fairly dark scanner room
• 6 minutes FMRI, standard BOLD, 3x3x3.5mm
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Data & Methods
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Pairings between RSN maps (left of each pair) and BrainMap maps (right)
 in the sensori-motor cortex, at ICA dimensionality of 70
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Pairings between RSN maps (left of each pair) and BrainMap maps (right)
 in visual areas, at ICA dimensionality of 70
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RSNs & neuro-degeneration

Neurodegenerative diseases target large-
scale human brain networks

mapping experiments in a separategroupof 19HCs (HC2). These
controls, also age-matched to the patient groups, underwent
6 min of task-free fMRI scanning. From these data, we extracted
the mean BOLD signal time series from the five syndrome-asso-
ciated ROIs and entered these time series into five separate
whole-brain intrinsic functional connectivity analyses. The result-
ing ROI-based network maps then served as spatial templates
for independent component analysis (ICA), following previous
approaches (Greicius et al., 2004; Seeley et al., 2007). Next, we
identified a best-fit ICA-generated component for each network
template for each subject and combined these components
to produce group-level network maps for each seed ROI. As
anticipated, the five disease-vulnerable ROIs anchored five
distinct ICNs in HCs (Figure 2B). Remarkably, as predicted by
the network degeneration hypothesis, these distributed network
maps, thoughgenerated from isolatedcortical seedROIs, closely
mirrored the atrophy patterns seen in the five neurodegenerative
syndromes (Figures 2 and 3).

Normal Structural Covariance Patterns Mirror Intrinsic
Functional Connectivity
Physiological studies have shown that synchronous neuronal
firing promotes network-based synaptogenesis (Bi and Poo,
1999; Katz and Shatz, 1996). Therefore, we further questioned

whether coherent spontaneous ICN activity might impact
normal cortical structure. Specifically, we hypothesized that
functionally correlated brain regions would show correlated
gray matter volumes across healthy subjects. One previous
VBM study, though not designed to assess the relationship
between functional connectivity and structure, selected land-
mark-based cortical and limbic ROIs and found group-level
gray matter density correlations between these ROIs and
homologous contralateral and functionally related ipsilateral
regions (Mechelli et al., 2005). We adapted these methods to
study structural covariance patterns arising from disease-
vulnerable foci, applying the same seed ROIs (Figure 2A, Table
S2) used to probe our intrinsic functional connectivity data.
Local ROI mean gray matter intensities extracted from the five
seeds provided covariates for five separate whole-brain statis-
tical parametric regression analyses in which age and gender
were entered as nuisance covariates. These studies revealed
striking convergence between healthy intrinsic functional
connectivity, derived within subjects (Figures 2B, 3B, 4A, and
4B), and structural covariance, assessed across subjects
(Figures 2C, 3C, 4C, and 4D). As a result, our three data streams
converged (Figures 5 and 6). That is, normal ICN and structural
covariance patterns mirrored each other and reflected, with
high fidelity, those regions that codegenerate in distinct human

Figure 2. Convergent Syndromic Atrophy, Healthy ICN, and Healthy Structural Covariance Patterns
(A) Five distinct clinical syndromes showed dissociable atrophy patterns, whose cortical maxima (circled) provided seed ROIs for ICN and structural covariance

analyses. (B) ICN mapping experiments identified five distinct networks anchored by the five syndromic atrophy seeds. (C) Healthy subjects further showed gray

matter volume covariance patterns that recapitulated results shown in (A) and (B). For visualization purposes, results are shown at p < 0.00001 uncorrected (A and

C) and p < 0.001 corrected height and extent thresholds (B). In (A)–(C), results are displayed on representative sections of the MNI template brain. Color bars

indicate t-scores. In coronal and axial images, the left side of the image corresponds to the left side of the brain. ANG, angular gyrus; FI, frontoinsula; IFGoper,

inferior frontal gyrus, pars opercularis; PMC, premotor cortex; TPole, temporal pole.

Neuron

Network-Based Neurodegeneration

44 Neuron 62, 42–52, April 16, 2009 ª2009 Elsevier Inc.
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tical parametric regression analyses in which age and gender
were entered as nuisance covariates. These studies revealed
striking convergence between healthy intrinsic functional
connectivity, derived within subjects (Figures 2B, 3B, 4A, and
4B), and structural covariance, assessed across subjects
(Figures 2C, 3C, 4C, and 4D). As a result, our three data streams
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Figure 2. Convergent Syndromic Atrophy, Healthy ICN, and Healthy Structural Covariance Patterns
(A) Five distinct clinical syndromes showed dissociable atrophy patterns, whose cortical maxima (circled) provided seed ROIs for ICN and structural covariance

analyses. (B) ICN mapping experiments identified five distinct networks anchored by the five syndromic atrophy seeds. (C) Healthy subjects further showed gray

matter volume covariance patterns that recapitulated results shown in (A) and (B). For visualization purposes, results are shown at p < 0.00001 uncorrected (A and

C) and p < 0.001 corrected height and extent thresholds (B). In (A)–(C), results are displayed on representative sections of the MNI template brain. Color bars

indicate t-scores. In coronal and axial images, the left side of the image corresponds to the left side of the brain. ANG, angular gyrus; FI, frontoinsula; IFGoper,

inferior frontal gyrus, pars opercularis; PMC, premotor cortex; TPole, temporal pole.
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olism patterns across individuals. Vascular
factors may also be important.

A! production and amyloid precursor
protein regulation have been shown to be
activity dependent, providing some plau-
sibility for a biological mechanism (Nitsch
et al., 1993; Kamenetz et al., 2003). It is
possible that already identified factors are
mediated through their lifelong effects on
metabolism. For example, a recent study
of chromosome 12 noted association with
the glyceraldehyde-3-phosphate dehydro-
genase (GAPDH) gene (Li et al., 2004).
GAPDH has multiple biological roles, in-
cluding those associated with apoptosis
and energy metabolism (glycolysis).
Whereas the original report emphasized
the role of GAPDH in apoptosis, the
present results encourage exploration of
whether the influence might be through a
metabolism-mediated mechanism.

Amyloid deposition correlates with
atrophy and metabolism reduction in
posterior cortical regions
Atrophy was present in the precuneus at
the earliest stages of conversion to AD and
expanded to include more diffuse medial
and lateral posterior parietal regions in
very mild stages (Scahill et al., 2002;
Thompson et al., 2003). Mild AD was as-
sociated with widespread accelerated atro-
phy that included frontal regions. The to-
pography of atrophy overlapped the
cortical distribution of amyloid deposi-
tion, with few exceptions, in mild AD.
Thus, within cortex, in vivo measures of
amyloid deposition based on PIB are asso-
ciated with atrophy in AD. Showing con-
vergence with the cortical atrophy results,
glucose metabolism differences in AD also
showed a pattern that markedly over-
lapped that of cortical atrophy (compare
Figs. 2, 4; see Fig. 6) (supplemental Fig. 3,
available at www.jneurosci.org as supple-
mental material). In contrast to the corti-
cal patterns noted above, less amyloid dep-
osition is detected in the hippocampal
formation in which marked atrophy oc-
curs early in the progression of AD, con-
sistent with a growing number of studies in
the literature (for review, see Jack and Pe-
tersen, 2000). We will return to this mis-
match later.

Across the extent of amyloid deposi-
tion, the precuneus, posterior cingulate,
and retrosplenial cortex were particularly
vulnerable to atrophy. Other regions, in-
cluding frontal cortex, were vulnerable at
lower levels and later stages but, in relation
to posterior regions, were relatively
spared. The finding of preferential effects
in posterior regions may indicate regional

Figure 6. Convergence and hypothetical relationships across molecular, structural, and functional measures. Each image
represents the projection of data from Figures 1–5 onto the cortical surface of the left hemisphere (see Results). Three patterns
emerge. First, regions showing default activity in young adults are highly similar to those showing amyloid deposition in older
adults with AD, including both posterior cortical regions and anterior regions. Second, atrophy and metabolism disruption in AD
prominently affect the posterior cortical regions also affected by amyloid deposition and less so the anterior regions (supplemen-
tal Fig. 3, available at www.jneurosci.org as supplemental material). Third, the regions affected in AD and those active in default
states in young adults overlap memory networks showing retrieval success effects during recognition in young adults.

Figure 4. Metabolism reduction in Alzheimer’s disease measured by FDG-PET. The format is similar to Figure 1. The scale
reflects the slope of the regression between CMRgl and dementia severity as measured by the MMSE. All included participants
(n ! 395) were demented (data from Herholz et al., 2002). Regions showing metabolism reduction as dementia severity
increases include posterior cortical regions near precuneus extending into posterior cingulate and retrosplenial cortex, as well as
to lateral temporoparietal regions.

Figure 5. Retrieval success effects in young adults measured by event-related fMRI. The format is similar to Figure 1. The scale
reflects the number of independent conditions/studies that showed significant differences between hits and correct rejections in
a meta-analysis of studies (see Materials and Methods). Regions within precuneus extending into posterior cingulate and retro-
splenial cortex, as well as lateral parietal cortex and a frontal region near premotor cortex, all showed significant retrieval success
effects in 100% (8 of 8) of the included studies.

7714 • J. Neurosci., August 24, 2005 • 25(34):7709 –7717 Buckner et al. • Default Activity in AD

olism patterns across individuals. Vascular
factors may also be important.

A! production and amyloid precursor
protein regulation have been shown to be
activity dependent, providing some plau-
sibility for a biological mechanism (Nitsch
et al., 1993; Kamenetz et al., 2003). It is
possible that already identified factors are
mediated through their lifelong effects on
metabolism. For example, a recent study
of chromosome 12 noted association with
the glyceraldehyde-3-phosphate dehydro-
genase (GAPDH) gene (Li et al., 2004).
GAPDH has multiple biological roles, in-
cluding those associated with apoptosis
and energy metabolism (glycolysis).
Whereas the original report emphasized
the role of GAPDH in apoptosis, the
present results encourage exploration of
whether the influence might be through a
metabolism-mediated mechanism.

Amyloid deposition correlates with
atrophy and metabolism reduction in
posterior cortical regions
Atrophy was present in the precuneus at
the earliest stages of conversion to AD and
expanded to include more diffuse medial
and lateral posterior parietal regions in
very mild stages (Scahill et al., 2002;
Thompson et al., 2003). Mild AD was as-
sociated with widespread accelerated atro-
phy that included frontal regions. The to-
pography of atrophy overlapped the
cortical distribution of amyloid deposi-
tion, with few exceptions, in mild AD.
Thus, within cortex, in vivo measures of
amyloid deposition based on PIB are asso-
ciated with atrophy in AD. Showing con-
vergence with the cortical atrophy results,
glucose metabolism differences in AD also
showed a pattern that markedly over-
lapped that of cortical atrophy (compare
Figs. 2, 4; see Fig. 6) (supplemental Fig. 3,
available at www.jneurosci.org as supple-
mental material). In contrast to the corti-
cal patterns noted above, less amyloid dep-
osition is detected in the hippocampal
formation in which marked atrophy oc-
curs early in the progression of AD, con-
sistent with a growing number of studies in
the literature (for review, see Jack and Pe-
tersen, 2000). We will return to this mis-
match later.

Across the extent of amyloid deposi-
tion, the precuneus, posterior cingulate,
and retrosplenial cortex were particularly
vulnerable to atrophy. Other regions, in-
cluding frontal cortex, were vulnerable at
lower levels and later stages but, in relation
to posterior regions, were relatively
spared. The finding of preferential effects
in posterior regions may indicate regional

Figure 6. Convergence and hypothetical relationships across molecular, structural, and functional measures. Each image
represents the projection of data from Figures 1–5 onto the cortical surface of the left hemisphere (see Results). Three patterns
emerge. First, regions showing default activity in young adults are highly similar to those showing amyloid deposition in older
adults with AD, including both posterior cortical regions and anterior regions. Second, atrophy and metabolism disruption in AD
prominently affect the posterior cortical regions also affected by amyloid deposition and less so the anterior regions (supplemen-
tal Fig. 3, available at www.jneurosci.org as supplemental material). Third, the regions affected in AD and those active in default
states in young adults overlap memory networks showing retrieval success effects during recognition in young adults.

Figure 4. Metabolism reduction in Alzheimer’s disease measured by FDG-PET. The format is similar to Figure 1. The scale
reflects the slope of the regression between CMRgl and dementia severity as measured by the MMSE. All included participants
(n ! 395) were demented (data from Herholz et al., 2002). Regions showing metabolism reduction as dementia severity
increases include posterior cortical regions near precuneus extending into posterior cingulate and retrosplenial cortex, as well as
to lateral temporoparietal regions.

Figure 5. Retrieval success effects in young adults measured by event-related fMRI. The format is similar to Figure 1. The scale
reflects the number of independent conditions/studies that showed significant differences between hits and correct rejections in
a meta-analysis of studies (see Materials and Methods). Regions within precuneus extending into posterior cingulate and retro-
splenial cortex, as well as lateral parietal cortex and a frontal region near premotor cortex, all showed significant retrieval success
effects in 100% (8 of 8) of the included studies.

7714 • J. Neurosci., August 24, 2005 • 25(34):7709 –7717 Buckner et al. • Default Activity in AD

olism patterns across individuals. Vascular
factors may also be important.

A! production and amyloid precursor
protein regulation have been shown to be
activity dependent, providing some plau-
sibility for a biological mechanism (Nitsch
et al., 1993; Kamenetz et al., 2003). It is
possible that already identified factors are
mediated through their lifelong effects on
metabolism. For example, a recent study
of chromosome 12 noted association with
the glyceraldehyde-3-phosphate dehydro-
genase (GAPDH) gene (Li et al., 2004).
GAPDH has multiple biological roles, in-
cluding those associated with apoptosis
and energy metabolism (glycolysis).
Whereas the original report emphasized
the role of GAPDH in apoptosis, the
present results encourage exploration of
whether the influence might be through a
metabolism-mediated mechanism.

Amyloid deposition correlates with
atrophy and metabolism reduction in
posterior cortical regions
Atrophy was present in the precuneus at
the earliest stages of conversion to AD and
expanded to include more diffuse medial
and lateral posterior parietal regions in
very mild stages (Scahill et al., 2002;
Thompson et al., 2003). Mild AD was as-
sociated with widespread accelerated atro-
phy that included frontal regions. The to-
pography of atrophy overlapped the
cortical distribution of amyloid deposi-
tion, with few exceptions, in mild AD.
Thus, within cortex, in vivo measures of
amyloid deposition based on PIB are asso-
ciated with atrophy in AD. Showing con-
vergence with the cortical atrophy results,
glucose metabolism differences in AD also
showed a pattern that markedly over-
lapped that of cortical atrophy (compare
Figs. 2, 4; see Fig. 6) (supplemental Fig. 3,
available at www.jneurosci.org as supple-
mental material). In contrast to the corti-
cal patterns noted above, less amyloid dep-
osition is detected in the hippocampal
formation in which marked atrophy oc-
curs early in the progression of AD, con-
sistent with a growing number of studies in
the literature (for review, see Jack and Pe-
tersen, 2000). We will return to this mis-
match later.

Across the extent of amyloid deposi-
tion, the precuneus, posterior cingulate,
and retrosplenial cortex were particularly
vulnerable to atrophy. Other regions, in-
cluding frontal cortex, were vulnerable at
lower levels and later stages but, in relation
to posterior regions, were relatively
spared. The finding of preferential effects
in posterior regions may indicate regional

Figure 6. Convergence and hypothetical relationships across molecular, structural, and functional measures. Each image
represents the projection of data from Figures 1–5 onto the cortical surface of the left hemisphere (see Results). Three patterns
emerge. First, regions showing default activity in young adults are highly similar to those showing amyloid deposition in older
adults with AD, including both posterior cortical regions and anterior regions. Second, atrophy and metabolism disruption in AD
prominently affect the posterior cortical regions also affected by amyloid deposition and less so the anterior regions (supplemen-
tal Fig. 3, available at www.jneurosci.org as supplemental material). Third, the regions affected in AD and those active in default
states in young adults overlap memory networks showing retrieval success effects during recognition in young adults.

Figure 4. Metabolism reduction in Alzheimer’s disease measured by FDG-PET. The format is similar to Figure 1. The scale
reflects the slope of the regression between CMRgl and dementia severity as measured by the MMSE. All included participants
(n ! 395) were demented (data from Herholz et al., 2002). Regions showing metabolism reduction as dementia severity
increases include posterior cortical regions near precuneus extending into posterior cingulate and retrosplenial cortex, as well as
to lateral temporoparietal regions.

Figure 5. Retrieval success effects in young adults measured by event-related fMRI. The format is similar to Figure 1. The scale
reflects the number of independent conditions/studies that showed significant differences between hits and correct rejections in
a meta-analysis of studies (see Materials and Methods). Regions within precuneus extending into posterior cingulate and retro-
splenial cortex, as well as lateral parietal cortex and a frontal region near premotor cortex, all showed significant retrieval success
effects in 100% (8 of 8) of the included studies.

7714 • J. Neurosci., August 24, 2005 • 25(34):7709 –7717 Buckner et al. • Default Activity in AD

olism patterns across individuals. Vascular
factors may also be important.

A! production and amyloid precursor
protein regulation have been shown to be
activity dependent, providing some plau-
sibility for a biological mechanism (Nitsch
et al., 1993; Kamenetz et al., 2003). It is
possible that already identified factors are
mediated through their lifelong effects on
metabolism. For example, a recent study
of chromosome 12 noted association with
the glyceraldehyde-3-phosphate dehydro-
genase (GAPDH) gene (Li et al., 2004).
GAPDH has multiple biological roles, in-
cluding those associated with apoptosis
and energy metabolism (glycolysis).
Whereas the original report emphasized
the role of GAPDH in apoptosis, the
present results encourage exploration of
whether the influence might be through a
metabolism-mediated mechanism.

Amyloid deposition correlates with
atrophy and metabolism reduction in
posterior cortical regions
Atrophy was present in the precuneus at
the earliest stages of conversion to AD and
expanded to include more diffuse medial
and lateral posterior parietal regions in
very mild stages (Scahill et al., 2002;
Thompson et al., 2003). Mild AD was as-
sociated with widespread accelerated atro-
phy that included frontal regions. The to-
pography of atrophy overlapped the
cortical distribution of amyloid deposi-
tion, with few exceptions, in mild AD.
Thus, within cortex, in vivo measures of
amyloid deposition based on PIB are asso-
ciated with atrophy in AD. Showing con-
vergence with the cortical atrophy results,
glucose metabolism differences in AD also
showed a pattern that markedly over-
lapped that of cortical atrophy (compare
Figs. 2, 4; see Fig. 6) (supplemental Fig. 3,
available at www.jneurosci.org as supple-
mental material). In contrast to the corti-
cal patterns noted above, less amyloid dep-
osition is detected in the hippocampal
formation in which marked atrophy oc-
curs early in the progression of AD, con-
sistent with a growing number of studies in
the literature (for review, see Jack and Pe-
tersen, 2000). We will return to this mis-
match later.

Across the extent of amyloid deposi-
tion, the precuneus, posterior cingulate,
and retrosplenial cortex were particularly
vulnerable to atrophy. Other regions, in-
cluding frontal cortex, were vulnerable at
lower levels and later stages but, in relation
to posterior regions, were relatively
spared. The finding of preferential effects
in posterior regions may indicate regional

Figure 6. Convergence and hypothetical relationships across molecular, structural, and functional measures. Each image
represents the projection of data from Figures 1–5 onto the cortical surface of the left hemisphere (see Results). Three patterns
emerge. First, regions showing default activity in young adults are highly similar to those showing amyloid deposition in older
adults with AD, including both posterior cortical regions and anterior regions. Second, atrophy and metabolism disruption in AD
prominently affect the posterior cortical regions also affected by amyloid deposition and less so the anterior regions (supplemen-
tal Fig. 3, available at www.jneurosci.org as supplemental material). Third, the regions affected in AD and those active in default
states in young adults overlap memory networks showing retrieval success effects during recognition in young adults.

Figure 4. Metabolism reduction in Alzheimer’s disease measured by FDG-PET. The format is similar to Figure 1. The scale
reflects the slope of the regression between CMRgl and dementia severity as measured by the MMSE. All included participants
(n ! 395) were demented (data from Herholz et al., 2002). Regions showing metabolism reduction as dementia severity
increases include posterior cortical regions near precuneus extending into posterior cingulate and retrosplenial cortex, as well as
to lateral temporoparietal regions.

Figure 5. Retrieval success effects in young adults measured by event-related fMRI. The format is similar to Figure 1. The scale
reflects the number of independent conditions/studies that showed significant differences between hits and correct rejections in
a meta-analysis of studies (see Materials and Methods). Regions within precuneus extending into posterior cingulate and retro-
splenial cortex, as well as lateral parietal cortex and a frontal region near premotor cortex, all showed significant retrieval success
effects in 100% (8 of 8) of the included studies.

7714 • J. Neurosci., August 24, 2005 • 25(34):7709 –7717 Buckner et al. • Default Activity in AD

olism patterns across individuals. Vascular
factors may also be important.

A! production and amyloid precursor
protein regulation have been shown to be
activity dependent, providing some plau-
sibility for a biological mechanism (Nitsch
et al., 1993; Kamenetz et al., 2003). It is
possible that already identified factors are
mediated through their lifelong effects on
metabolism. For example, a recent study
of chromosome 12 noted association with
the glyceraldehyde-3-phosphate dehydro-
genase (GAPDH) gene (Li et al., 2004).
GAPDH has multiple biological roles, in-
cluding those associated with apoptosis
and energy metabolism (glycolysis).
Whereas the original report emphasized
the role of GAPDH in apoptosis, the
present results encourage exploration of
whether the influence might be through a
metabolism-mediated mechanism.

Amyloid deposition correlates with
atrophy and metabolism reduction in
posterior cortical regions
Atrophy was present in the precuneus at
the earliest stages of conversion to AD and
expanded to include more diffuse medial
and lateral posterior parietal regions in
very mild stages (Scahill et al., 2002;
Thompson et al., 2003). Mild AD was as-
sociated with widespread accelerated atro-
phy that included frontal regions. The to-
pography of atrophy overlapped the
cortical distribution of amyloid deposi-
tion, with few exceptions, in mild AD.
Thus, within cortex, in vivo measures of
amyloid deposition based on PIB are asso-
ciated with atrophy in AD. Showing con-
vergence with the cortical atrophy results,
glucose metabolism differences in AD also
showed a pattern that markedly over-
lapped that of cortical atrophy (compare
Figs. 2, 4; see Fig. 6) (supplemental Fig. 3,
available at www.jneurosci.org as supple-
mental material). In contrast to the corti-
cal patterns noted above, less amyloid dep-
osition is detected in the hippocampal
formation in which marked atrophy oc-
curs early in the progression of AD, con-
sistent with a growing number of studies in
the literature (for review, see Jack and Pe-
tersen, 2000). We will return to this mis-
match later.

Across the extent of amyloid deposi-
tion, the precuneus, posterior cingulate,
and retrosplenial cortex were particularly
vulnerable to atrophy. Other regions, in-
cluding frontal cortex, were vulnerable at
lower levels and later stages but, in relation
to posterior regions, were relatively
spared. The finding of preferential effects
in posterior regions may indicate regional

Figure 6. Convergence and hypothetical relationships across molecular, structural, and functional measures. Each image
represents the projection of data from Figures 1–5 onto the cortical surface of the left hemisphere (see Results). Three patterns
emerge. First, regions showing default activity in young adults are highly similar to those showing amyloid deposition in older
adults with AD, including both posterior cortical regions and anterior regions. Second, atrophy and metabolism disruption in AD
prominently affect the posterior cortical regions also affected by amyloid deposition and less so the anterior regions (supplemen-
tal Fig. 3, available at www.jneurosci.org as supplemental material). Third, the regions affected in AD and those active in default
states in young adults overlap memory networks showing retrieval success effects during recognition in young adults.

Figure 4. Metabolism reduction in Alzheimer’s disease measured by FDG-PET. The format is similar to Figure 1. The scale
reflects the slope of the regression between CMRgl and dementia severity as measured by the MMSE. All included participants
(n ! 395) were demented (data from Herholz et al., 2002). Regions showing metabolism reduction as dementia severity
increases include posterior cortical regions near precuneus extending into posterior cingulate and retrosplenial cortex, as well as
to lateral temporoparietal regions.

Figure 5. Retrieval success effects in young adults measured by event-related fMRI. The format is similar to Figure 1. The scale
reflects the number of independent conditions/studies that showed significant differences between hits and correct rejections in
a meta-analysis of studies (see Materials and Methods). Regions within precuneus extending into posterior cingulate and retro-
splenial cortex, as well as lateral parietal cortex and a frontal region near premotor cortex, all showed significant retrieval success
effects in 100% (8 of 8) of the included studies.

7714 • J. Neurosci., August 24, 2005 • 25(34):7709 –7717 Buckner et al. • Default Activity in AD

Default 
Activity 

H2O-PET

Amyloid
Deposition 

PIB-PET 

Memory
Network

FMRI

Atrophy 
MRI

Metabolic
Disruption

FDG-PET

112Thursday, 21 July 2011



DMN in healthy aging vs AD

MTL and hippocampus not detected in the 3-T data from
Stanford University. Specific cluster locations are available as
supporting information.

Default-Mode Network in Healthy Aging and AD Subjects (Washington
University Data). Fig. 3 compares the default-mode network in the
healthy elderly (Fig. 3A) and AD groups (Fig. 3B). Specific
cluster locations are available as supporting information.

Fig. 4A shows the statistical map resulting from the two-
sample t test comparing the default-mode network in the healthy
elderly vs. AD groups. Fig. 4B shows a coronal section of the
same contrast to highlight a 112-voxel cluster in the left hip-
pocampus that survived the height but not the extent threshold.
The reverse contrast (AD vs. healthy elderly) did not yield any
significant clusters.

Fig. 5 is a scattergram showing the median goodness-of-fit

metric for each subject in the two groups. The means were 2.4
(SD 0.9) for the healthy elderly group and 1.5 (SD 0.5) for the
AD group. The means were significantly different using both a
two-sample t test (P ! 0.003) and a Mann–Whitney test (P !
0.007). Using a cutoff of 2.1, the test yields a sensitivity of 85%
and a specificity of 77% in distinguishing AD subjects from
healthy elderly subjects.

Discussion
Our study examining the default-mode network in early AD has
generated several important results pertaining both to AD
specifically and the default-mode network more generally. The
main findings were that the hippocampus appears to play a

Fig. 2. Hippocampal coactivation in the default-mode network (Washing-
ton University data). Axial (A) and coronal (B) images showing the default-
mode network for 14 healthy young subjects scanned on a 1.5-T magnet at
Washington University. The green arrows highlight the prominent bilateral
coactivation in the hippocampus and underlying entorhinal cortex. The num-
bers beneath each coronal image refer to the y coordinate in Talairach space.
Joint height and extent thresholds of P " 0.0001 were used to determine
significant clusters. Other details are as in Fig. 1.

Fig. 3. Default-mode network in healthy elderly and AD subjects (Washington University data). Axial images showing the default-mode network for the healthy
elderly (A) and AD (B) groups. The blue arrows indicate the PCC. The hippocampus and underlying entorhinal cortex (green arrows) were detected bilaterally
in healthy elderly subjects (A) but only in the right hemisphere in the AD group (B). Joint height and extent thresholds of P " 0.0001 were used to determine
significant clusters. Other details are as in Fig. 1.

Fig. 4. Increased default-mode network activity in healthy elderly. (A) Axial
images showing the results of a two-sample t test contrasting the default-
mode network in the healthy elderly group vs. the AD group. The blue arrow
indicates the PCC. The magenta arrows indicate the inferior parietal lobes. (B)
Coronal images showing a 112-voxel cluster in the left hippocampus (green
arrows) that survived the height but not the extent threshold. Joint height and
extent thresholds of P " 0.05 were used to determine significant clusters.
Other details are as in Fig. 1.

4640 ! www.pnas.org"cgi"doi"10.1073"pnas.0308627101 Greicius et al.

Greicius et al., PNAS, 2004
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The APOE !4 allele is a risk factor for late-life pathological changes
that is also associated with anatomical and functional brain
changes in middle-aged and elderly healthy subjects. We investi-
gated structural and functional effects of the APOE polymorphism
in 18 young healthy APOE !4-carriers and 18 matched noncarriers
(age range: 20–35 years). Brain activity was studied both at rest
and during an encoding memory paradigm using blood oxygen
level-dependent fMRI. Resting fMRI revealed increased ‘‘default
mode network’’ (involving retrosplenial, medial temporal, and
medial-prefrontal cortical areas) coactivation in !4-carriers relative
to noncarriers. The encoding task produced greater hippocampal
activation in !4-carriers relative to noncarriers. Neither result could
be explained by differences in memory performance, brain mor-
phology, or resting cerebral blood flow. The APOE !4 allele
modulates brain function decades before any clinical or neuro-
physiological expression of neurodegenerative processes.

hippocampus ! memory ! neuroimaging ! resting connectivity

Apolipoprotein E (apoE, protein; APOE, gene) is a very-low-
density lipoprotein that removes cholesterol from the blood

and carries it to the liver for processing (1). In the central nervous
system, apoE has a key role in coordinating the mobilization and
redistribution of cholesterol, phospholipids, and fatty acids, and it
is implicated in mechanisms such as neuronal development, brain
plasticity, and repair functions (2). The human APOE gene, which
is encoded on chromosome 19, has 3 allelic variants (!2, !3, and !4).
The !4 allele has been associated with a higher risk of cardiovas-
cular disease (3), both early-onset (4) and late-onset (5) Alzhei-
mer’s disease (AD), poor outcome from traumatic brain injury (6),
and age-related cognitive impairment (7).

Neuroimaging studies of the APOE polymorphism in healthy
subjects have largely focused on gray matter (GM) alterations in
middle or late life, particularly in brain regions associated with
the greatest AD pathological findings. Even in asymptomatic
subjects, hippocampal and frontotemporal GM reduction has
been observed in APOE !4-carriers relative to noncarriers (8).
Moreover, a reduction of resting glucose metabolism was re-
ported in young and middle-aged cognitively normal APOE
!4-carriers in brain regions known to be affected by AD,
including the posterior cingulate, parietal, temporal, and pre-
frontal cortices (9–11). fMRI task-based studies (mainly inves-
tigating memory processes) have shown greater activation in
middle-aged and elderly APOE !4-carriers relative to noncarri-
ers (12–16). Although these studies suggest an influence of the
APOE !4 allele on brain structure and metabolism, they do not
make clear at what age these influences initially manifest.
Furthermore, although differences in structure, resting metab-
olism, and function have each been reported in !4-carriers
relative to noncarriers, it remains to be established to what extent
these characteristics interact.

Thus far, reports of structural and functional effects of the
APOE !4 allele in young adults are limited (17–20). Only 2 small

fMRI studies have tested for early life associations of the APOE
polymorphism with changes in brain function. Filbey et al. (18)
reported greater activation in 8 APOE !4-carriers compared with
8 noncarriers in medial frontal and anterior cingulate areas using
a working memory paradigm. Mondadori et al. (17) reported
reduced activation with an associative learning paradigm in 13
!4-carriers relative to 11 !2-carriers and 10 !3-homozygotes.
Both studies therefore suggest that the APOE genotype influ-
ences brain functions even early in adulthood.

Here, we used a multimodal MRI protocol to investigate
structural and functional neurophysiological characteristics of 18
APOE !4-carriers and 18 noncarriers, with ages ranging from 20
to 35 years old. Our first aim was to measure differences in
spontaneous fluctuations in resting brain function in !4-carriers
relative to noncarriers using resting-state fMRI. Brain regions
showing a strong temporal coherence (coactivation) in low-
frequency fluctuations (less than 0.1 Hz) are defined as ‘‘resting
state networks’’ (RSNs), and they reflect intrinsic properties of
functional brain organization (21). We were specifically inter-
ested in studying the effect of the APOE !4 allele on an RSN
called the ‘‘default mode network’’ (DMN), which includes the
prefrontal, anterior and posterior cingulate, lateral parietal, and
inferior/middle temporal gyri; cerebellar areas; and thalamic
nuclei and extending to mesial temporal lobe (MTL) regions
(22). The DMN is affected by neurodegenerative processes (23);
both AD patients (24) and people with amnestic mild cognitive
impairment (aMCI) (25) are reported to have reduced coacti-
vation of hippocampal and posterior cingulate regions.

Our second aim was to test for the effects of APOE genotype
on task-related activations. Because the MTL and hippocampi,
in particular, are the earliest brain regions to show pathological
signs in AD (26), and because APOE receptors in the brain are
mainly expressed in the hippocampal-entorhinal cortex complex
(27), we selected a blood oxygen level-dependent (BOLD) fMRI
task that preferentially activates MTL regions: the ‘‘novel vs.
familiar’’ memory-encoding paradigm has been widely used to
demonstrate robust hippocampal activation (28, 29).

Finally, we tested whether resting or task-related BOLD
differences between !4-carriers and noncarriers were associated
with underlying subject-specific anatomical or resting brain
perfusion (30) measures.

Results
Participants. APOE !4-carriers and noncarriers were matched for
age, gender, and years of education, and 2 individuals in each
group had a family history of dementia (either first or second
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apolipoprotein E - APOE

• lipid transport protein coded on 
chromosome 19

• ε4 allele first studied as risk factor 
for cardiovascular disease 

• ε4 Identified as risk for AD in 1993

‣ Increased prevalence

‣ decreased age of onset

‣ gene dose effect

Menzel et al., 1983
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What is NOT different

• Structure - Whole brain GM, WM 
and hippocampal ROIs & VBM not 
different

• Cerebral blood flow - ASL in hippocampal 
and lobe ROIs and whole brain not 
different

• Memory performance and reaction time 
not different
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Resting data - DMN
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Development of RSNs during gestation

Emergence of resting state networks in the preterm
human brain
Valentina Doriaa, Christian F. Beckmannb,c, Tomoki Arichia, Nazakat Merchanta, Michela Groppoa, Federico E. Turkheimerb,
Serena J. Counsella, Maria Murgasovad, Paul Aljabard, Rita G. Nunesa, David J. Larkmana, Geraint Reese,f,
and A. David Edwardsa,1
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Processing Group, Department of Computing, Imperial College London, London SW7 2AZ, United Kingdom; eUniversity College London Institute of Cognitive
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Edited by Marcus E. Raichle, The Washington University of St. Louis, St. Louis, MO, and approved September 28, 2010 (received for review June 22, 2010)

The functions of the resting state networks (RSNs) revealed by
functional MRI remain unclear, but it has seemed possible that
networks emerge in parallel with the development of related
cognitive functions. We tested the alternative hypothesis: that the
full repertoire of resting state dynamics emerges during theperiodof
rapid neural growth before the normal time of birth at term (around
40 wk of gestation). We used a series of independent analytical
techniques tomap indetail thedevelopmentof different networks in
70 infants born between 29 and 43 wk of postmenstrual age (PMA).
We characterized and charted the development of RSNs from
recognizable but often fragmentary elements at 30 wk of PMA to
full facsimiles of adult patterns at term. Visual, auditory, somatosen-
sory, motor, default mode, frontoparietal, and executive control
networks developed at different rates; however, by term, complete
networks were present, several of which were integrated with
thalamic activity. These results place the emergence of RSNs largely
during the period of rapid neural growth in the third trimester of
gestation, suggesting that they are formed before the acquisition of
cognitive competencies in later childhood.

blood oxygen level-dependent | functional MRI | neurodevelopment |
intrinsic brain activity | newborn

The detection of spontaneous spatially coherent fluctuations of
the blood oxygen level-dependent (BOLD) signal by func-

tional MRI (fMRI) (1) offers potential insights into the large-
scale organization of neural function at the system levels (com-
prehensive review presented in 2). These resting state networks
(RSNs) replicate the set of functional networks exhibited by the
brain over its range of possible tasks (3), encompassing various
spatially distinct neural systems, including the medial visual and
lateral visual, auditory, somatosensory, motor, cerebellum, exec-
utive control, and frontoparietal or dorsal visual stream networks
as well as the default mode network (DMN) (2–4). However, al-
though the configurations and consistency of these networks are
established, their functions are still not fully understood.
Elucidating the ontogeny of RSNs could clarify the role of this

large-scale neural organization. Previous studies at the time of
normal birth [term, around 40 wk of postmenstrual age (PMA)]
have detected RSNs in the primary visual areas, somatosensory
and motor cortices, temporal cortex, cerebellum, prefrontal cor-
tex (5, 6), and incomplete DMN (7) but did not find the complete
DMN, executive control network, or dorsal visual network. This
led to the suggestion that the full architecture emerges during
later childhood in parallel with the development of corresponding
cognitive functions.
Here, we test the alternative hypothesis: that the full adult

repertoire of resting state dynamics emerges during the period of
rapid neural growth before the normal time of birth at 38–43
postconceptional weeks (term).
We used a series of independent analytical techniques to map in

detail the development of different networks in 70 infants born

between 29 and 43 wk of PMA. We used optimized techniques,
including improved registration and a unique spatiotemporal atlas
of the developing brain with consistent thresholding, applying both
data-driven exploratory analysis and hypothesis-based approaches
to show that synchronous BOLD activity develops from fragmen-
tary RSNs in preterm infants into facsimiles of adult patterns at
term, including involvement of relevant thalamic nuclei, and to
quantify the growing network coherence during this period.

Results
Identification of RSNs During the Third Trimester. First, we used
probabilistic independent component analysis (ICA) forhypothesis-
free detection of RSNs (Fig. 1). We analyzed the BOLD signals
fromresting state fMRI in early preterm,preterm, and term infants
(full details are presented inMethods and SI Methods). This anal-
ysis revealed correlated low-frequency (0.01–0.1 Hz) spatially
distributed BOLD signals that characterized recognizable neuro-
anatomical systems comparable to adult networks, including vi-
sual, auditory, somatosensory, motor, frontoparietal, and exec-
utive control networks as well as DMNs.
Some activation patterns were not found in the most preterm

group, although all the major RSNs characterized in the adult
brain (e.g., 4) could be detected at term. As development pro-
gressed, cortical activity became more coherent across recognized
neuroanatomical systems with a general increase in interhemi-
spheric correlation.
In older infants, complex networks representing the DMN (Fig.

1H), frontoparietal network (Fig. 1 I and J), and executive control
network (Fig. 1K) were detected. Before term, the DMN was
incomplete: In the preterm group, the inferior parietal lobules
were not involved, whereas in the most preterm infants, the pa-
rietal opercular cortex but not the precuneus was included.
Infants scanned at term-equivalent age showed a facsimile of
the consensus adult network structure, with coherent activity
encompassing the medial prefrontal cortex, posterior cingulate/
precuneus, and inferior parietal lobules, with additional coherent
activity in the parietal opercular cortex and cerebellum.
The frontoparietal network was present at term and in the

preterm group as two left-right mirrored networks: Fig. 1I dis-
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M.G., and S.J.C. performed research; M.M., P.A., R.G.N., and D.J.L. contributed new ana-
lytic tools; V.D., C.F.B., F.E.T., M.M., and P.A. analyzed data; and V.D., C.F.B., G.R., and A.D.E.
wrote the paper.

The authors declare no conflict of interest.

This article is a PNAS Direct Submission.

Freely available online through the PNAS open access option.

Data deposition: Data have been deposited with SumsDB, XNAT Central, or other suitable
public repositories.
1To whom correspondence should be addressed. E-mail: david.edwards@imperial.ac.uk.

This article contains supporting information online at www.pnas.org/lookup/suppl/doi:10.
1073/pnas.1007921107/-/DCSupplemental.

www.pnas.org/cgi/doi/10.1073/pnas.1007921107 PNAS Early Edition | 1 of 6

M
ED

IC
A
L
SC

IE
N
CE

S

significant interhemispheric connectivity from the earliest age,
which changed little (r = −0.036, P = 0.693); this was consistent
with the whole-brain correlation analysis, which showed inter-
hemispheric coherence in the auditory cortices of the early
preterm group (Fig. 2B). The visual network (Fig. 2D) also
exhibited strong interhemispheric connectivity at early ages with
a slight trend to greater independence at term (r = −0.317, P =
0.007). Fig. S2 shows results for each single pair of nodes, and
Fig. S3 displays the manually drawn seed regions.
The age-specific templates provided by the spatiotemporal

atlas combined with consistent thresholding allowed accurate
and detailed evaluation of the changes in the spatial extent of
synchronous BOLD activation. Fig. 4 shows an example of this
approach, where correlations maps generated from a seed in the
left motor cortex were registered to the age-specific templates.
This and the other networks are best visualized in the movies
provided in SI Text. They confirm the group analyses, showing in-
creasing within-network coherence and bilateral correlation over
time (Fig. 4 and Movies S1, S2, S3, S4, and S5). This detailed
mapping of the development of RSNs showed a rich pattern of
growth from fragmentary activations at 29 wk to facsimiles of the
adult network at term.

Potential Bias. We examined the data to see if these results could
be explained by clinical factors in the population. Demographic
and clinical data on the subjects are given in Table S1. Table S2
gives results of the linear regression for sedated and nonsedated

infants, together with the differences in the estimated correla-
tion between the two groups, converted to z-statistics (details
presented in SI Text). There was no significant difference between
correlations in sedated and nonsedated infants in any network.
We also compared two different groups that were both studied at
term age: term-born infants and preterm infants who had been
born some weeks earlier. Infants born at term showed qualita-
tively similar results to the term-equivalent preterm infants, both
with probabilistic ICA and the whole-brain regression approach.
We compared each RSN between term controls and ex-preterm
infants at term, using a two-sample t test on the correlation maps,
which was z-transformed using a second level random effects
analysis implemented in SPM5 (http://www.fil.ion.ucl.ac.uk/spm).
Age at scan, postnatal age at scan, gender, use of sedation,
presence of white matter disease on T2-weighted MRI, and mo-
tion parameters were included as covariates of no interest
(SI Text); no statistically significant differences between term-
equivalent preterm infants and term-born subjects were detected
in any network when taking these into account after correcting for
multiple comparisons, although uncorrected results show some
differences between term controls and term-equivalent preterm
infants (SI Text).

Discussion
This study combined a series of independent analytical ap-
proaches to study the development of resting state dynamics in
the brain before the normal time of birth. Model-free ICA and

Fig. 4. Frames at given weeks illustrate the motor network through development using the regression of connectivity strength projected onto the 4D
spatiotemporal template for visualization. Images were thresholded using a consistent thresholding across different ages, controlling the false discovery rate,
and using an empirical null distribution at each time point at P < 0.01. Images are shown as z-statistics in radiological convention.
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This and the other networks are best visualized in the movies
provided in SI Text. They confirm the group analyses, showing in-
creasing within-network coherence and bilateral correlation over
time (Fig. 4 and Movies S1, S2, S3, S4, and S5). This detailed
mapping of the development of RSNs showed a rich pattern of
growth from fragmentary activations at 29 wk to facsimiles of the
adult network at term.

Potential Bias. We examined the data to see if these results could
be explained by clinical factors in the population. Demographic
and clinical data on the subjects are given in Table S1. Table S2
gives results of the linear regression for sedated and nonsedated

infants, together with the differences in the estimated correla-
tion between the two groups, converted to z-statistics (details
presented in SI Text). There was no significant difference between
correlations in sedated and nonsedated infants in any network.
We also compared two different groups that were both studied at
term age: term-born infants and preterm infants who had been
born some weeks earlier. Infants born at term showed qualita-
tively similar results to the term-equivalent preterm infants, both
with probabilistic ICA and the whole-brain regression approach.
We compared each RSN between term controls and ex-preterm
infants at term, using a two-sample t test on the correlation maps,
which was z-transformed using a second level random effects
analysis implemented in SPM5 (http://www.fil.ion.ucl.ac.uk/spm).
Age at scan, postnatal age at scan, gender, use of sedation,
presence of white matter disease on T2-weighted MRI, and mo-
tion parameters were included as covariates of no interest
(SI Text); no statistically significant differences between term-
equivalent preterm infants and term-born subjects were detected
in any network when taking these into account after correcting for
multiple comparisons, although uncorrected results show some
differences between term controls and term-equivalent preterm
infants (SI Text).

Discussion
This study combined a series of independent analytical ap-
proaches to study the development of resting state dynamics in
the brain before the normal time of birth. Model-free ICA and

Fig. 4. Frames at given weeks illustrate the motor network through development using the regression of connectivity strength projected onto the 4D
spatiotemporal template for visualization. Images were thresholded using a consistent thresholding across different ages, controlling the false discovery rate,
and using an empirical null distribution at each time point at P < 0.01. Images are shown as z-statistics in radiological convention.
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Dynamics of RSNs

Doria, V. et al,  PNAS 2010

28 30 32 34 36 38 40 42 44
0

2

4

6

8

10

12

14

16

18

20
Motor cortex (L/R)

PMA (weeks)

Z−
tra

ns
fo

rm
ed

 p
ar

tia
l c

or
re

la
tio

n 
co

ef
fic

ie
nt

 r =0.397 (p =3.93e−05)

121Thursday, 21 July 2011



Dynamics of RSNs

Doria, V. et al,  PNAS 2010
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•Seed-correlation maps, or low-dim ICA, give “networks”

•But these are gross patterns
•Each map summarised by single timecourse
•Too simple a model to do more detailed network analysis

• Instead, get detailed parcellation....

Network Modelling
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Detailed Network Analyses

A network model comprises:
• “Nodes”   distinct functional voxels/regions
• “Edges”    connections between nodes

Default mode network
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Nodes: e.g. from high-dimensional ICA

• Kiviniemi  NeuroImage 2009
• Smith  PNAS 2009
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Edges: estimate connectivity between all pairs of nodes

x

i

j

i j
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Edges: estimate connectivity between all pairs of nodes

x

But:  what is the right method for estimating connectivity, based 
on FMRI timeseries?

i

j

i j
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51 42 3 86 7 109 11 12 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

so we get a   Nodes x Nodes   network matrix
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35344217131553012633143329411024223145221911362526281638207431437328442721409 18 39

reorder node ordering to find clusters
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can view hierarchy of clusters

• Cordes  MRI 2002 
• Salvador  Cerebral Cortex 2005
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•Take each of the clusters of nodes (“sub-networks”) from RSNs
• Include connected nodes from other clusters (“off-diagonals”)
•Plot all connections - thicker is stronger

Brain Networks!
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