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Abstract

When we perform a cognitive task, multiple brain regions are engaged. Understanding

how these regions interact is a fundamental step to uncover the neural bases of behavior.

Most research on the interactions between brain regions has focused on the univariate

responses in the regions. However, fine grained patterns of response encode important

information, as shown by multivariate pattern analysis. In the present article, we introduce

and apply multivariate pattern dependence (MVPD): a technique to study the statistical

dependence between brain regions in humans in terms of the multivariate relations

between their patterns of responses. MVPD characterizes the responses in each brain

region as trajectories in region-specific multidimensional spaces, and models the multivar-

iate relationship between these trajectories. We applied MVPD to the posterior superior

temporal sulcus (pSTS) and to the fusiform face area (FFA), using a searchlight approach

to reveal interactions between these seed regions and the rest of the brain. Across two dif-

ferent experiments, MVPD identified significant statistical dependence not detected by

standard functional connectivity. Additionally, MVPD outperformed univariate connectivity

in its ability to explain independent variance in the responses of individual voxels. In the

end, MVPD uncovered different connectivity profiles associated with different representa-

tional subspaces of FFA: the first principal component of FFA shows differential connec-

tivity with occipital and parietal regions implicated in the processing of low-level properties

of faces, while the second and third components show differential connectivity with ante-

rior temporal regions implicated in the processing of invariant representations of face

identity.

Author summary

Humanbehaviorissupportedbysystemsof brain regionsthatexchangeinformation to
completeatask.Thisexchangeof information betweenbrain regionsleadsto statistical
relationshipsbetweentheir responsesovertime.Most likely, theserelationshipsdo not
link only themeanresponsesin two brain regions,but alsotheir finer spatialpatterns.
Analyzingfiner responsepatternshasbeenakeyadvancein thestudyof responseswithin
individual regions,andcanbeleveragedto studybetween-regioninteractions.To capture
theoverallstatisticalrelationshipbetweentwo brain regions,weneedto describeeach
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region'sresponseswith respectto dimensionsthatbestaccountfor thevariationin that
regionovertime.Thesedimensionscanbedifferentfrom regionto region.Weintroduce
anapproachin whicheachregion'sresponsesarecharacterizedin termsof region-specific
dimensionsthatbestaccountfor its responses,andtherelationshipsbetweenregionsare
modeledwith multivariatelinearmodels.Wedemonstratethat thisapproachprovidesa
betteraccountof thedataascomparedto standardfunctionalconnectivityin two differ-
entexperiments,andweuseit to discovermultiple dimensionswithin thefusiformface
areathathavedifferentconnectivityprofileswith therestof thebrain.

This isa���� ����	
�
��
�� ������� Methodspaper.

Introduction
Cognitivetasksrecruit multiple brain regions[1±4].How do theseregionswork togetherto
generatebehavior?A varietyof methodshavebeendevelopedto studyconnectivityboth in
termsof theanatomicalstructureof thebrain [5], andof therelationsbetweentimecoursesof
responsesduring rest[6] andduring specificexperimentaltasks[7±11].FunctionalMagnetic
ResonanceImaging(fMRI) hasprovento beavaluableinstrumentin thisenterprise,offering
noninvasiverecordingwith goodspatialresolutionandwhole-braincoverage.

In parallelto this literature,multivariatepatternanalysis(MVPA; [12]) hasdrastically
increasedthepotentialof fMRI for theinvestigationof representationalcontent,makingit
possibleto detectinformation atalevelof specificitythatwasunthinkablewith previousuni-
variateanalyses[13±17].Despitethesuccessof MVPA, relativelyfewattemptshavebeenmade
to transportthepotentialof multivariateanalysesto thedomainof dynamicsandconnectivity.

A recentstudy[18] usedtrial-by-trial classificationaccuracyof colorandshapein areaV4
andin thelateraloccipitalcomplex(LOC) to predicttrial-by-trial accuracyof objectclassifica-
tion in theanteriortemporallobe(ATL). Earlierwork by thesamegroup[19] usedacontinu-
ousmeasureof classificationbasedon correlations,offeringaricherdescriptionof eachbrain
region'spatterns.Thesestudiesareimportant stepstowardsexploitingthewealthof informa-
tion encodedin patternsof BOLDresponseto studyconnectivity,but theybothcharacterize
theinformation encodedin abrain regionusingasinglemeasure(agivenclassification),
ratherthanin termsof valuesalongmultiple dimensions.

An additionalpropertyof both thesemethods[18,19] is that theyuseclassificationalong
experimenterdefinedcategories.Thisapproachcanbeusefulto probeaspecifichypothesis
aboutagivenclassification.However,it might disregardotherinformation encodedby the
regionsstudiedwhichisorthogonalto thecategorieschosenby theexperimenter.Asaconse-
quence,theresultsdependon theexperimenter'schoiceof thecategories,andon howwell the
chosencategoriescapturethefunctionalroleof theregionsstudied.

Multivariatepatterndependence(MVPD) isanovelmethodto investigatethe`connectiv-
ity' betweenbrain regionsin termsof multivariatespatialpatternsof responses.In keeping
with thestatisticalliterature[20], wewill replacetheterm `connectivity'with theterm `statisti-
caldependence',whichweconsidermoreaccurate.MVPD iscomposedof threemainstages.
In thefirst stage,therepresentationalspacein eachbrain regionismodeledextractingasetof
data-drivendimensions(ratherthanchosenby theexperimenter),thatcorrespondto spatial
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responsepatternsthat `best'characterizethat region'sresponsesovertime. In thesecondstage,
themultivariatetimecoursesof responsesin eachregionarereparametrizedastrajectoriesin
therepresentationalspacesdefinedby thesedimensions.In thethird stage,themultivariate
relationsbetweenthetrajectoriesin therepresentationalspacesof differentregionsaremod-
elled.In aprocedureanalogousto MVPA, independentdataareusedto train andtestthe
models.Thedimensionsandtheparametersmodellingtherelationshipbetweentwo regions
areestimatedwith all runsbut one,andthenusedto modeltherelationbetweenthoseregions
in theremainingrun.

Wedemonstratethepotentialof MVPD in two differentexperiments,analyzingthestatisti-
caldependencebetweentheposteriorsuperiortemporalsulcus(pSTS)during therecognition
of facesandvoices,andof thefusiformfacearea(FFA)during therecognitionof faces.In both
experiments,MVPD identifieddependenciesbetweenregionsnot detectedbystandardfunc-
tional connectivity,andexplainedmorevariancein individual voxelsresponsesthanunivari-
atemethods.In theend,MVPD revealeddifferentconnectivityprofilesassociatedwith
differentdimensionsof FFA'sresponses.

Materials and methods

Ethics statement
Thevolunteers'consentwasobtainedaccordingto theDeclarationof Helsinki (BMJ,
1991,pp.302,1194).Theprojectwasapprovedby theHumanSubjectsCommitteesat theUni-
versityof TrentoandHarvardUniversity.

Experiment 1
Participants. Elevenvolunteers(6 female;agerange:19-32,mean= 24)took part in the

experiment.
Stimuli. Thefacesandvoicesof threefamousItalian politicians(MatteoRenzi,Pierluigi

Bersani,andSilvioBerlusconi)wereusedasstimuli. Two grayscaleimagesof eachfacewere
selectedandcroppedto anoval,andequatedin luminanceandcontrast.Two audioclipswere
selectedfor eachof thethreepoliticians:onein whichtheysaidªItaliaº (ªItalyº) andonein
whichtheysaidªgovernoº(ªgovernmentº).Theaudiostimuli werefurther equatedin
loudness.

Experimentaldesign. Insidethescanner,participantscompletedtwo localizerruns(a
facelocalizerandavoicelocalizer)andfiveexperimentalruns.Beforeenteringthescanner,
participantswereinstructedto consideragivenindividual (e.g.,MatteoRenzi)asthetarget.
Participantswereinstructedto pressabutton with theindexfingerof theright handwhenthe
targetwaspresented,andabutton with themiddlefingerof theright handwhenadistractor
waspresented,irrespectivelyof stimulusmodality.In thefacelocalizer,participantswere
shown16secondsblocksof facesandhouses,andperformeda1-backtaskreportingwhether
astimuluswasidenticalto theonethathadbeenpresentedin theprevioustrial. In thevoice
localizer,participantsheard16secondsblocksof voicesandtool sounds,andperformedan
analogous1-backtask.In eachexperimentalrun, each̀ distractor'faceandeach̀ distractor'
voicewaspresented16times,while thetargetfaceandtargetvoicewerepresentedfor 8 trials.
Giventhat therearetwo `distractor'identitiesandone`target'identity, this impliesthat thetar-
getidentity waspresentedon 20%of thetrials.Stimuli werepresentedfor 500msandwerefol-
lowedbya3500msfixation.Theorderof thetrialswasoptimizedto maximizeefficiencyusing
Optseq2 (http://surfer.nmr.mgh.harvard.edu/optseq/).Datafrom Experiment1 hasbeenpre-
viouslyusedto investigaterepresentationsof personidentity [21].
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Experiment 2
Participants. A totalof tenvolunteers(N = 3 female,agerange18-50,mean27.1)partici-

patedin theexperiment.Datafrom oneparticipantwerediscardedfrom theanalysisbecause
of poorperformanceduring abehavioraltraining sessionadministeredon thedaybeforethe
scanning.

Stimuli. Computergenerated3D models(usingDAZ-3D) of 5 faceidentitieswereused
to generateimagesat5 differentorientationsfor eachidentity (S1Fig).Stimuli werepresented
with Psychtoolbox[22,23] running on MATLAB, with theadd-onASF[24], usinganEpson
EMP9000projector.Imageswereprojectedon afrostedscreenat thetop of thebore,viewed
throughamirror attachedto theheadcoil.

Experimentaldesign. Oneof thefivefaceidentitieswasdesignatedasthe`target',and
participantswereinstructedto respondwith theindexfingerof theright handto thetarget
faceandwith themiddlefingerto theother`distractor'faces.Eachtrial consistedof thepre-
sentationof afaceimage(500ms)followedbyafixation cross(1500ms).Theexperimentwas
composedof three12-minuteruns,eachconsistingof approximately320trials.Theorderof
presentationof thestimuli wasgeneratedwith optseq2(http://surfer.nmr.mgh.harvard.edu/
optseq/).A 6 minutesblock-designfunctionallocalizerwasadministeredat thebeginningof
thefMRI session.Participantsobserved16secondlongblockscomprising8 imagesof faces,8
imagesof houses,or 8 scrambledimages,andperformeda1-backtaskin whichtheyhadto
detectrepetitionsof identicalstimuli. Noneof thefacesshownin thelocalizerwerepresented
during theotherpartsof theexperiment.Datafrom Experiment2hasbeenpreviouslyusedto
investigaterepresentationsof faceidentity [15].

Data acquisition
Thedatawerecollectedon aBrukerBioSpinMedSpec4T at theCenterfor Mind/Brain Sci-
ences(CIMeC)of theUniversityof TrentousingaUSAInstrumentseight-channelphased-
arrayheadcoil.Beforecollectingfunctionaldata,ahigh-resolution(1 � 1 � 1 �� 3) T1-
weightedMPRAGEsequencewasperformed(sagittalsliceorientation,centricphaseencod-
ing, imagematrix = 256� 224[Read� Phase],field of view= 256� 224�� 2 [Read�Phase],
176partitionswith 1 �� thickness,GRAPPAacquisitionwith accelerationfactor= 2,dura-
tion = 5.36minutes,repetitiontime = 2700,echotime = 4.18,�� = 1020����, 7Êflip angle).
Functionaldatawerecollectedusinganecho-planar2D imagingsequencewith phaseover-
sampling(imagematrix = 70� 64,repetitiontime = 2000����, echotime = 21����, flip
angle= 76Ê,slicethickness= 2 ��, gap= 0.30��, with 3 � 3 �� in planeresolution).Over
threeruns,1095volumesof 43sliceswereacquiredin theaxialplanealignedalongthelong
axisof thetemporallobe.

Preprocessing and de-noising
Datawerepreprocessedwith SPM12(http://www.fil.ion.ucl.ac.uk/spm/software/spm8/)and
regionsof interestweregeneratedwith MARSBAR[25] running on MATLAB 2010a.Subse-
quentanalyseswereperformedwith customMATLAB software.Thefirst 4 volumesof each
run werediscardedandall imageswerecorrectedfor headmovement.Slice-acquisitiondelays
werecorrectedusingthemiddlesliceasreference.Imageswerenormalizedto thestandard
SPM12EPItemplateandresampledto a2 �� isotropicvoxelsize.TheBOLDsignalwashigh
passfilteredat128�andprewhitenedusinganautoregressivemodelAR(1).Outlierswereiden-
tified with theartifactremovaltool (ART),usingboth theglobalsignalandcompositemotion.
Datapointsexceedingexperimenter-definedthresholdswereremovedfrom theanalysis.An
additionalnoise-removalstepwasperformedwith CompCorr[26]. In eachindividual
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participant,acontrol regionwasdefinedcombiningthewhitematterandcerebrospinalfluid
masksobtainedwith SPMsegmentation,andfiveprincipalcomponentswereextracted.Since
thecontrol regiondoesnot containgraymatter,its responsesarethoughtto reflectnoise.For
eachrun, thetimecoursesof thecomponentsextractedfrom thecontrol regionwereregressed
out from thetimecoursesof everyvoxelin graymatter.Forbothexperiments,theglobalsignal
andsixmotion regressorsgeneratedbySPMduring motion correctionwerealsoincludedas
regressorsof no interest.For theFFAseed,datawereanalyzedbothwith andwithout these
additionalregressors,andresultsarereportedfor bothanalyses.

ROI definition
Forexperiment1,wedefinedaseedregionof interestin theright pSTSusingtheindependent
functionallocalizer.Dataweremodeledwith astandardGLM usingSPM12,andtheseedROI
wasdefinedin eachindividual participantasa6mmradiusspherecenteredin thepSTSpeak
for thefacesvshousescontrast(meanMNI coordinates:54,-54,13).

Forexperiment2,wedefinedaseedregionof interestin theright FFAusingtheindepen-
dentfunctionallocalizer.Dataweremodeledwith astandardGLM usingSPM12,andtheseed
ROI wasdefinedin eachindividual participantasa6mmradiusspherecenteredin theFFA
peakfor thefacesvshousescontrast(meanMNI coordinates:40,-48,-20).

Searchlight
Wedefinedagraymattermaskbysmoothing(with a6mmFWHM gaussiankernel)andaver-
agingthegraymatterprobabilisticmapsobtainedduring segmentation.Theaveragemaps
werethenthresholdedobtainingapproximately130000graymattervoxels(127821).Foreach
voxelin thegraymattermask,wedefineda6mmradiusspherecenteredin thatvoxel,andcal-
culatedthestatisticaldependencebetweentheresponsesin theseedregionandtheresponses
in thesphere.Spherescontained123voxels.Spheresat theedgeof thebrain wererestrictedto
thevoxelswithin thegraymattermask.

Standard functional connectivity
Functionalconnectivitywascalculatedlow-passfiltering at0.1�� themeanresponsein the
seedregionandthemeanresponsein thesearchlightspheres,andcalculatingPearson'scorre-
lation betweenthelow-passfilteredresponsesin theseedandeachsphere,thusobtaininga
whole-brainfunctionalconnectivitymap.Statisticalsignificanceacrossparticipantswas
assessedwith statisticalnonparametricmapping[27] usingtheSnPMextensionfor SPM
(http://warwick.ac.uk/snpm).

MVPD: Modeling representational spaces
Letusconsiderthemultivariatetimecoursesin theseedregion:� 1, . . ., � � andin asphere:
� 1, . . ., � � , for experimentalrunsfrom 1 to �. Eachmultivariatetimecourse� � isamatrix of
size� � � 
 � , where
 � is thenumberof voxelsin theseedregionand� � is thenumberof time-
pointsin run �. Analogously,eachmultivariatetimecourse� � isamatrix of size� � � 
 � , where

 � is thenumberof voxelsin thesphere.Dataanalysisfollowedaleave-one-run-outprocedure:
for eachchoiceof anexperimentalrun �, datain theremainingrunswereconcatenated,

Multivariate pattern dependence

PLOS Computational Biology | https://doi.org/10.1371/journal.pcbi.1005799 November 20, 2017 5 / 20

http://warwick.ac.uk/snpm
https://doi.org/10.1371/journal.pcbi.1005799


obtaining

� 
��� 
 ˆ …�1; . . . ; � �� 1; � �‡1 ; . . . ; � � †;

� 
�� �
 ˆ …�1; . . . ; � �� 1; � �‡1 ; . . . ; � � †:

Principalcomponentanalysis(PCA)wasappliedto � 
���
 , and� 
���
 :

� 
��� 
 ˆ � � � � � �
�

� 
�� �
 ˆ � � � � � �
�

Dimensionalityreductionwasimplementedprojecting� 
���
 and� 
���
 on lowerdimen-
sionalsubspacesspannedby thefirst � � and� � principalcomponentsrespectively:

~� 
�� �
 ˆ � 
�� �
 �
‰1;...;�� Š
�

~� 
��� 
 ˆ � 
�� �
 �
‰1;...;�� Š
�

where� ‰1;...;�� Š
� is thematrix formedby thefirst � � columnsof � � and� ‰1;...;�� Š

� is thematrix
formedby thefirst � � columnsof � � . In thefirst analysis,thenumberof components� � and
� � waschosenfor eachsphereanditerationusingtheBayesianInformation Criterion (BIC).
In thesecondanalysis,theincrementalcontribution of eachcomponentwastestedbycompar-
ing theresultsobtainedchoosing1,2 and3 components.Wecantakeamomentto reflecton
theinterpretationof theprocedurewejustcompleted.Foreachregion,eachdimension
obtainedwith PCAisalinearcombinationof thevoxelsin theregion,whoseweightsdefinea
multivariatepatternof responseovervoxels.Consideringasanexampletheseedregion,the
loadingsof adimension areencodedin the -th columnof ~� 
��� 
 , andrepresenttheintensity
with whichthemultivariatepatterncorrespondingto dimension isactivatedovertime.

MVPD: Modeling statistical dependence

Themapping! from thedimensionality-reducedtimecoursesin thesphere~� 
�� �
 to the
dimensionality-reducedtimecoursesin theseed~� 
�� �
 wasmodeledwith multiple linearregres-
sion1:

~� 
�� �
 ˆ � 
�� �

~� 
�� �
 ‡ " 
��� 
 …1†

themodelparameterswereestimatedusingordinary leastsquares(OLS).

MVPD: Predicting multivariate timecourses
After havingestimatedparameters� 
���
 , predictionsfor themultivariateresponsesin theleft
out run � weregeneratedby1) projectingthespheredatain run � on thespheredimensions
estimatedwith theotherruns,and2) multiplying themby theparametersestimatedusingdata
from theotherruns.More formally,for eachrun �, wegenerateddimensionalityreduced
responsesin thesphere:

~� 
��
 ˆ � 
�� 
 �
‰1;...;�� Š
� ;

where� � wascalculatedusingthetraining data.Then,wecalculatedthepredictedresponses
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in theseedregionin run �:

�̂ 
�� 
 ˆ � 
�� �

~� 
�� 


usingtheparameters� 
���
 independentlyestimatedwith thetraining runs.
In keepingwith theuseof correlationin standardfunctionalconnectivity,wecalculatedthe

correlationbetweenthepredictedandobservedtimecoursesin eachdimensionin theseed
region.First,weprojectedtheobservedvoxelwisetimecoursesin theseedregiononto the

lowerdimensionalsubspaceusing� ‰1;...;�� Š
� :

~� 
�� 
 ˆ � 
�� 
 �
‰1;...;�� Š
� ; …2†

where� � wascalculatedusingthetraining data.Then,wecomputed

�  ˆ ����…�̂  

�� 
 ; ~�  


�� 
†

for eachdimension = 1,. . ., � � of theseedregion'ssubspace.In theend,wegeneratedasingle
summarymeasure�� , computingtheaverageof thevalues�  weightedby theproportion of vari-
anceexplainedby thecorrespondingdimensions :

#  ˆ
� � … ; †

X � �

`ˆ1
� � …`;̀†

;

�� � ˆ
X� �

 ˆ1

#  �  

(seetherelationshipbetweentheeigenvaluesalongthediagonalof � andvarianceexplainin
PCA).Thisprocedureismotivatedby theobservationthat if adimensionexplainsmoreover-
all variancein thetotalmultivariateresponse,thenexplainingvariability in thatdimension
shouldbeweightedmore.SeeFig1 for anoutlineof themethod.Thevalues�� � obtainedfor the
differentruns� = 1,. . ., � wereaveragedyielding�� . Thisprocedurewasrepeatedfor each
searchlightsphere,obtainingawholebrain mapof �� valuesfor eachparticipant.Thesignifi-
canceof �� wastestedacrossparticipantswith statisticalnonparametricmapping[27] usingthe
SnPMextensionfor SPM(http://warwick.ac.uk/snpm).

Voxelwise variance explained
Thevalue�� isaconvenientmeasureof statisticaldependence:it reflectshowwell thepredic-
tion generatedbyMVPD correlateswith theobserveddata.However,in thismeasure,the
targetof thepredictionis themultivariatetimecourse~� 
��
 . Instead,̀ standard'univariatecon-
nectivitybasedon themeantimecourseaimsto predictadifferenttarget:mean(� 
��
 , 2).This
is important becausetheproportion of varianceexplained(cross-validatedR-squared)isgiven
by theamountof varianceexplaineddividedby thetotal varianceof thetargetof thepredic-
tion. UnivariateconnectivityandMVPD couldexplainthesameamountof absolutevariance,
but still havedifferentproportionsof varianceexplained,becausethetotal variancesof thetar-
getsof thepredictiondiffer.Onewayto think aboutthis is thatmean-basedunivariateconnec-
tivity `givesup' on predictingvariabilityorthogonalto themean:if themeanresponseis
predictedperfectly,thentheproportion of varianceexplainedwill be100%.In contrast,if
MVPD triesto predictthemeanaswellasotherdimensions,it couldpredictthemeanper-
fectlylike univariateconnectivity,andstill its proportion of varianceexplainedcouldbeless
than100%,becauseof residualsin theotherdimensions.To comparethecross-validatedR-
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squaredof univariateconnectivityandof MVPD, therefore,weneedameasureof their ability
to predictacommontarget.For this reason,for eachsearchlightspherewecalculatedthe
cross-validatedR-squaredof mean-basedunivariateconnectivityandof MVPD in thetime-
coursesof individual voxelsin theseedregion.Predictingthetimecoursesof all voxelsin the
seedregionisacommontargetfor bothunivariateconnectivityandMVPD, andthereforeit
makesthecross-validatedR-squaredof thetwo methodscomparable.To calculatethecross-
validatedR-squaredfor bothmethods,weneededto useavariantof functionalconnectivity
thatcanperformleave-one-outpredictions.Thevarianceexplainedin functionalconnectivity
is � 2, andit isequalto thevarianceexplainedbyalinearregressionestimatedandtestedin the
samedata.Weusedlinearregressionestimatedin all runsminusone,andtestedthevariance
explainedin theleft-out run, thusobtainingaleave-one-outvariantof mean-basedunivariate
functionalconnectivity(thatusesthesamedata-splitusedin MVPD). Thelinearregression
yieldedapredictionof themeanresponsein theseedregion.Eachvoxel'sresponsewasthen
predictedwith thepredictedmeanresponsein theseedregion.ForMVPD, wepredictedeach

voxel'sresponseprojectingthemultivariateprediction�̂ 
�� 
 from its low-dimensionalsubspace

of principalcomponentsto voxelspace,usingthematrix � ‰1;...;�� Š
� . Eachvoxel'sresponsewas

reconstructedasthesumof thedimensions'loadingson thevoxelsweigthedby thedimen-
sions'loadingsateachtimepoint. It canbehelpfulhereto notethat this isequivalentto the
product

�W� 
�� 
 ˆ �̂ 
�� 
 �
‰1;...;�� Š�
� ;

where �W� 
�� 
 is thevoxel-wiseprediction(see2andconsiderthat…�‰1;...;�� Š
� †� ˆ …�‰1;...;�� Š

� †� 1). In
thecaseof themean-basedunivariatefunctionalconnectivity,thevoxelwisepredictioncanbe

Fig 1. Analysis pipeline.

https://doi.org/10.1371/journal.pcbi.1005799.g001
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written as

�W� 
�� 
 ˆ �̂ 
�� 
1
� ;

where�̂ 
�� 
 is thepredictedmeanresponsein theseedregionand1 isa
 � � � � vectorof ones,
makingexplicit thecommonform of thepredictionfor MVPD andfor mean-basedunivariate
connectivity:in thelatterthemeanis treatedasasingledimensionwith equalloadingsfor
eachvoxel.

Foreachvoxel in theseedregion,varianceexplainedwascalculatedas

$… †̂ 1 �
��…� 
�� 
…:; †� �W� 
�� 
…:; ††

��…� 
�� 
…:; ††

where �W� arethepredictedvoxelwisetimecourses,andthevalues$( )wereaveragedto obtain
asinglemeasure

�$ ˆ

P 
 �
 ˆ1 $… †


 �

for eachsearchlightsphere.

Results
In Experiment1,standardfunctionalconnectivityidentifiedstatisticaldependencebetween
theright pSTSandmoreanteriorregionsof right STS(peakMNI: 54-9 -15)andwith theleft
STS(peakMNI: -52-27-6) (Fig2,S1Table).MVPD, but not standardfunctionalconnectivity,

Fig 2. Brain regions showing statistical dependen ce with the right pSTS as identifie d by standard
functiona l connectiv ity (blue) and multivariat e pattern dependence (MVPD, yellow) at a voxelwi se
FWE-corr ected threshold p �� 0.05. MVPD additionally identified statistical dependence with the posterior
cingulate, and with larger portions of posterior STS bilaterally.

https://doi.org/10.1371/journal.pcbi.1005799.g002
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identifiedstatisticaldependencewith theposteriorcingulate(peakMNI: 0 -7134),andwith
largerportionsof posteriorSTSbilaterally(Fig2,S2Table).

To evaluatetheseparateeffectsof predictingindependentdatawith aleave-one-out
approachandof transitioningfrom univariateto multivariatestatisticaldependence,weaddi-
tionallymeasuredunivariatestatisticaldependencewith aleave-one-outprocedure.Asantici-
pated,predictingindependentdatareducedthenumberof significantvoxelsfor univariate
dependence(or `connectivity')ascomparedto standardfunctionalconnectivity(Fig3A), in
line with theexpectationthatpredictingindependentdataisamorestringenttest.MVPD,
despitepredictingindependentdata,outperformedbothvariantsof univariatedependence
(Fig3A).Asafurther comparisonbetweenunivariatedependenceandMVPD, wecalculated
theproportion of varianceexplainedbyeachmodelin independentdata.Univariatedepen-
dencedid not explainmorethan5%of thevariancein anybrain region,whileMVPD
explainedmorethan20%of thevariancein severalregions,including theSTSbilaterallyand
posteriorcingulate(Fig3B).

Asanadditionaltestof thepotentialof MVPD, weanalyzedmultivariatedependence
betweenthepSTSseedandtherestof thebrain aftersubtractingtheunivariatesignal(Fig4).
Bydoingso,weobtainedananalysisprocedurewhich isentirelycomplementaryto standard
functionalconnectivity,whichreliesentirelyon theunivariatesignal.Evenafterremovingthe
univariatesignal,MVPD detectedsignificantstatisticaldependencebetweentheright pSTS
andposteriorcingulate(peakMNI: 0 -6328)aswellastheleft STS(peakMNI: -58-10-13).

In Experiment2,standardfunctionalconnectivityidentifiedstatisticaldependencebetween
theFFAseedandotherregionsof ventraltemporalcortex,aswellaswith earlyvisualcortex

Fig 3. A) Comparison between statistical dependence measured with standard functional connectivity
(`univariatedependence', blue), univariate dependence with leave-one-out predictions (red), and multivariate
dependence with leave-one-out predictions (MVPD, yellow) at a voxelwise FWE-corrected threshold p �� 0.05.
Predicting independent data is a more stringent test of dependence: univariate dependence with leave-one-
out predictions individuates fewer significant voxels than standard functional connectivity. Despite the
stringent criterion imposed by independent predictions, MVPD with leave-one-out predictions outperforms
both univariate dependence methods, identifying significant statistical dependence with regions of posterior
cingulate and a broader extent of the superior temporal sulcus. B) Cross-validated R-squared with MVPD,
thresholded at 20%.

https://doi.org/10.1371/journal.pcbi.1005799.g003
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(peakMNI coordinates:12,-90,-6),theright insula(peakMNI: 34,26,1),thethalamus(peak
MNI: -9,-23,11),dorsalvisualstreamareaV7 (14,-70,43)andintraparietalsulcus(IPS,peak
MNI: 30,-66,32;Fig5,in blue,FWE-corrected� < 0.05,S3Table).MVPD additionallyidenti-
fiedstatisticaldependencebetweentheFFAandposteriorcingulate(pCing,peakMNI: 8,-
46,38),theright superiortemporalsulcus(rSTS,peakMNI: 51,-25,-4),theright anteriortem-
poral lobe(rATL, peakMNI: 266 -33),right dorsomedialprefrontalcortex(rDMPFC,peak
MNI: 85730),andthedorsalvisualstreamareaV3A (peakMNI 15,-88,31;Fig5,in yellow,
FWE-corrected� < 0.05,S4Table).MVPD, unlikestandardfunctionalconnectivity,did not

Fig 4. MVPD calculat ed after removing the univariate signal, in corona l (A), axial (B), and sagittal left
(C) and right (D) views. In this analysis, the average timecourse in the seed and each sphere is zero, and
only the patterns of responses are left. As a consequence, this analysis is fully complementary to standard
functional connectivity. Even after removing the univariate signal, MVPD detected significant statistical
dependence between the right pSTS and posterior cingulate as well as the left STS.

https://doi.org/10.1371/journal.pcbi.1005799.g004

Fig 5. Brain regions showing statistical dependen ce with the FFA as identified by standard functiona l
connectiv ity (blue) and multivariat e pattern connectiv ity (MVPD, yellow) at a voxelw ise FWE-
corrected threshold p �� 0.05. MVPD, but not standard functional connectivity, identified statistical
dependence with regions of posterior cingulate, the right superior temporal sulcus, the right anterior temporal
lobe, the right DMPFC and regions of the dorsal visual stream. Standard functional connectivity identified
statistical dependence with the amygdala that was not detected by MVPD.

https://doi.org/10.1371/journal.pcbi.1005799.g005
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detectsignificantstatisticaldependencebetweenFFAandtheamygdala(peakMNI for stan-
dardfunctionalconnectivity:22,0,-20).Evenafterregressingout theglobalsignalandsix
motion regressorsgeneratedbySPMduring motion correction(S2Fig),MVPD detectedsig-
nificant dependencein theposteriorcingulate(peakMNI: -2 -3940),thedorsalvisualstream
(peakMNI: -29-7629;30-7532),occipitalcortex(peakMNI: 18-87-10;-43-79-9).

Analysisof voxelwisecross-validatedR-squaredwasperformedfor mean-basedunivariate
connectivity,andfor MVPD with 1,2,and3principalcomponents.Increasingthenumberof
principalcomponentsledto acorrespondingincreasein thevoxelwisecross-validatedR-
squared(Fig6A for voxelsexplainingmorethan5%of voxelwisevariance,(Fig6Bfor voxels
explainingmorethan10%of voxelwisevariance).Cross-validatedR-squaredwasalsocom-
putedafterregressingout sixmotion parametersandtheglobalsignalasadditionalnuisance
regressors(S3Fig).Asexpected,thegreatestvoxelwisecross-validatedR-squaredwasobserved
in theright fusiformgyrus,in theproximity of theseedregion'slocation.Thanksto theaddi-
tional contribution of thesecondandthird principalcomponents,varianceexplainedabove
the5%thresholdwasalsoobservedmoreposteriorlyextendingtowardstheoccipitalfacearea
(OFA), in theleft fusiform,andanteriorlyextendingtowardsthemedialportionsof theante-
rior temporallobes(ATL). Theseportionsof cortexhavebeenimplicatedtogetherwith FFA
in therecognitionof faces.[1, 14,15].Theinclusionof dimensionsbeyondthefirst PC
improvedthemodelingof statisticaldependencebetweenFFAandotherregionsimplicatedin
facerecognition.Thevoxelwisecross-validatedR-squaredwith univariatedependence
remainedbelow5%in thewholebrain.

Including additionaldimensionsbeyondthefirst improvedour ability to characterizethe
statisticaldependencebetweenresponsesin theFFAseedandresponsesin otherbrain regions
thathavebeenimplicatedin faceprocessing.

Asin thecaseof Experiment1,weperformedanadditionalanalysisremovingtheunivari-
atesignal,obtainingafully complementaryanalysisto standardfunctionalconnectivity.This

Fig 6. A) Regions with cross-validated R-squared above 5%, as measured by MVPD with 1, 2 and 3 principal components. B)
Regions with cross-validated R-squared above 10%, as measured by MVPD with 1, 2 and 3 principal components.

https://doi.org/10.1371/journal.pcbi.1005799.g006
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analysisrevealedmultivariatedependencebetweentheFFAandventraloccipitalregions
despitetheunivariatesignalwasremoved(S4Fig).

WethenaveragedtheMVPD-searchlightmapsfor thefirst PCandfor thesecondand
third PCs,andwestudiedthespatialdistribution of thetop 5000voxelsin thebrain showing
greateststatisticaldependencewith thefirst PC(Fig7Bin yellow)andthetop 5000voxelsin
thebrain showinggreateststatisticaldependencewith thesecondandthird PCs(Fig7Bin
blue).Thefirst PCshowedgreateststatisticaldependencewith voxelsextendingposteriorly
towardsearlystagesin thevisualprocessinghierarchy,anddorsallytowardsregionsin the
dorsalvisualstream.Bycontrast,thesecondandthird PCsshowedadifferentprofile:stron-
geststatisticaldependencewasfoundwith regionsextendinganteriorly,towardsthemedial
ATL. MVPD revealeddifferentconnectivityprofilesfor differentdimensionsof FFA'srepre-
sentationalspace,individuatingtwo subspacesshowingdisproportionatestatisticaldepen-
dencewith regionsinvolvedin earlyandlatevisualprocessingrespectively.

Discussion
Thisarticleintroducesmultivariatepatternconnectivity(MVPD), anewmethodto investigate
themultivariatestatisticaldependencebetweenbrain regions.MVPD ischaracterizedbysev-
eralkeyproperties.First,theBOLDsignalin eachbrain regionismodeledasasetof responses
alongmultiple dimensions,with eachdimensioncorrespondingto afunction of thevoxelsin
that region.Second,MVPD investigatesthestatisticaldependencebetweentwo regionsby
computingtheextentto whichtheresponsesin themultiple dimensionscharacterizingone
regioncanpredicttheresponsesin themultiple dimensionscharacterizingtheotherregion
overtime.Third, with ananalogyto MVPA methods,MVPD usesacross-validationproce-
durein whichindependentdataareusedfor training andtestingof themodels.A subsetof the
runsareusedasatraining setto generateparameterswhicharethentestedassessingtheir abil-
ity to predictresponsesin aleft-out independentrun. This leave-one-outapproachmitigates

Fig 7. A) Similarity matrix between the whole-brain maps of ��Rvalues obtained with MVPD for each participant reflecting the statistical
dependence between each voxel and the first, second, and third PC respectively in the FFA seed. B) Top 5000 voxels showing highest ��R
values for the first PC (in yellow), and for the second and third PCs (in blue). Different subspaces of FFA responses show different MVPD
profiles, with the first dimension showing greatest statistical dependence with posterior ventral temporal regions and regions in the dorsal
visual stream, and the second and third dimensions showing greatest statistical dependence with anterior temporal regions.

https://doi.org/10.1371/journal.pcbi.1005799.g007
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theimpactof noise,improvingon mostcurrentmethodsthatdo not testtheextentto which
relationshipsbetweenregionsaresufficientlystableto generalizeto independentdata.

Therearetwo sensesin whichMVPD ismultivariate.First,PCAidentifiesweightedcombi-
nationsof multiple voxelsthatcovaryovertime explainingmostof eachregion'svariance.
Therefore,thedimensionsthatdescribetherepresentationalspacein eachregionareacombi-
nationof multiple dependentvariables.Second,in standardfunctionalconnectivity,statistical
dependencebetweentwo regionsismeasuredbycorrelatingtwo one-dimensionaltimecourses
(theaverageresponsesin eachof two regions).Instead,in MVPD, statisticaldependenceis
measuredbymodelingamultiple linearregressionthatpredictsamulti-dimensionaltime-
course(theresponsesalongthemultiple dimensionsin oneregion)asafunction of another
multi-dimensionaltimecourse(theresponsesalongthemultiple dimensionsin theother
region).

In theexamplesdescribedin thepresentarticle,dimensionsareobtainedwith PCAaslin-
earcombinationsof thevoxelsthat tendto bejointly activatedor deactivatedovertime.From
aneuroscientificperspective,wecanthink of eachregionasconsistingof multiple neuralpop-
ulationswith selectivitiesfor differentpropertiesof thestimuli thathavedifferentdistributions
overthecourseof theexperiment.Eachpopulationhasdifferentspatialdistributionsovervox-
els.This leadsdifferentweightedcombinationsof voxelsto havingdifferenttimecoursesof
responses,whosedynamicscanprovidedeeperinsightsinto theinteractionsbetweenregions
thantheinvestigationof averageresponses.Of course,whiledifferentpopulationswith differ-
entselectivitiesanddifferentspatialdistributionscanleadto dimensionswith differenttime
courses,it isunlikely that individual dimensionsobtainedwith PCAcorrespondin aone-to-
onerelationshipto neuralpopulationswith aspecificselectivityprofile.Forexample,more
thanoneneuralpopulationmight becollapsedin asingleprincipalcomponent,or populations
might not beassignedto dimensionsin aone-to-onemappingbecauseof theorthogonality
constraintsimposedbyPCA.

Likestandardfunctionalconnectivity,MVPD revealedstatisticaldependencebetweenthe
FFAandmoreposteriorregionsof ventraltemporalandoccipitalcortex,andwith regionsin
earlyvisualcortex.However,MVPD additionallyrevealedstatisticaldependencebetweenthe
FFAandtheright ATL, previouslyimplicatedin therecognitionof faceidentity [1, 13±15].
Furthermore,MVPD (but not standardfunctionalconnectivity)identifiedstatisticaldepen-
dencebetweentheFFAandtheright STS,implicatedin therecognitionof personidentity [21,
28±30]andof facialexpressions[31±33].Standardfunctionalconnectivity,but not MVPD,
identifiedstatisticaldependencebetweenFFAandtheamygdala.Thiscanbedueto lessstable
predictiverelationshipsbetweenresponsesin theamygdalaandFFAdimensionsbeyondthe
first PC.

Previousstudiesinvestigatingthefunctionalconnectivityof theFFAreportedconnectivity
with theSTSin restingstatedataspecificallywhentheresponsesin regionsselectivefor other
categorieswereregressedout [34]. MVPD canhelpto disentangledifferentkindsof informa-
tion in thestudyof statisticaldependence:face-specificinformation might loaddifferentially
on differentprincipalcomponents,andthemappingbetweenregioncanlearnto relyspecifi-
callyon therelevantinformation.SignificantMVPD betweenFFAandSTSmight beobserved
thanksto thepotentialof themethodto relyselectivelyon arelevantsubsetof theinformation
encodedin FFAresponses.

A recentstudyinvestigatedeffectiveconnectivitybetweenFFAandearlyvisualcortexand
STS,includingparticipantswith developmentalprosopagnosiaaswellasneurotypicalcontrols
[35]. Feedforwardconnectionsfrom EVCto FFAandEVCto pSTSshowedreducedstrength
in DPparticipants.A promisingdirectionfor future researchconsistsin applyingMVPD to
studydifferencesbetweenpatientpopulationsandneurotypicalcontrols,to investigatemore
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closelywhetherneuraldifferencesaffectspecificsubsetsof theinformation encodedwithin a
brain region.In thecaseof developmentalprosopagnosia,MVPD couldbeusedto test
whetherthereducedconnectivityfrom EVCto FFAandpSTSisspecificto particularresponse
dimensionswithin EVCandFFA.

MVPD ledto important improvementsin cross-validatedR-squaredat thevoxellevelover
mean-basedunivariateconnectivity(Fig6).MVPD usingasingleprincipalcomponentalready
improvedvarianceexplainedoveramean-basedunivariateapproach.Adding asecondanda
third PCfurther improvedvarianceexplainedin ventraltemporalcortexaswellastheanterior
temporallobes.In theend,MVPD allowedusto separatelyinvestigatetheconnectivityprofiles
of differentdimensionsof FFA'srepresentationalspace.In particular,differentdimensions
showedstrongerdependencewith posteriorandanteriorregionsrespectively.Previouscon-
nectivitystudiesfoundsupportfor theviewthatposteriorventralstreamregionsareanentry
nodein thefacerecognitionnetwork[36], andpreviousMVPA studiesfoundevidenceof
invariantrepresentationsof facesin anteriorregions[1, 15].In thiscontext,thepresentevi-
dencesuggeststhatdifferentFFAdimensionsencodeinformation relatedto FFA'sinputsand
outputsrespectively.

Futurework caninvestigatethedifferencesin MVPD betweendifferenttasks.Whetheror
not MVPD issensitiveto taskdifferencesremainsanopenquestion.Weconsiderthisakey
researchdirection,in whichthegreatersensitivityof MVPD canrevealtask-dependent
changesin theinteractionsbetweenregionsthatcannotbedetectedbystandardfunctional
connectivity.

In thisstudy,weshowedthatMVPD canbesensitiveto statisticaldependencebetween
regionsthat isnot detectedbystandardfunctionalconnectivity.MVPD hasthepotentialto
studyin evengreaterdetailhowstatisticaldependenceisaffectedbydifferenttasks.Forexam-
ple,in differenttasks,thedependencebetweentwo regionscouldremainsimilar in overall
magnitude,but shift from relyingon aparticularsubsetof dimensionsto adifferentsubset.
MVPD couldbeusedto detectthis typeof task-dependentchangesbyanalyzingnot only the
overallamountof varianceexplained,but thematrix of parameters� 
���
 obtainedin different
tasks.If somedimensionsin oneregionhaveagreaterinfluenceon responsesin another
regionin oneparticulartask,theparametersin � 
���
 correspondingto thosedimensionswill
increasein that task.

MVPD differsin important respectsfrom previoustechniquesaimedatstudyingthe
dynamicinteractionsbetweenbrain regionsin termsof theinformation theyencode.Unlike
previoustechniques[18,37],MVPD doesnot relyon discriminationbetweencategoriesdeter-
minedby theexperimenter,but on dimensionsderivedin adata-drivenfashion.Thedata-
drivendimensionscanberelatedto propertiesof thestimuli or thetaskwith asubsequent
model(for instanceregressingdimensionson conditions,or on stimuluspropertiesusinga
forwardmodel).AnotherdifferencebetweenMVPD andthemethodsintroducedbyCou-
tancheandThompson-Schill[18,19] is that thelattercharacterizeeachregionwith asingle
measure(howwell thepatternin agiventimepoint canbeassignedto onecondition or
another),whileMVPD adoptsmultiple measures(thevaluesalongthemultiple dimensions),
whichcanprovidearichercharacterizationof aregion'srepresentationatanygiventime.

An innovativestudy[37] investigatedtherelationsbetweenbrain regionsmeasuringthe
correlationbetweenrepresentationaldissimilaritymatricesin differentregions.Thisapproach
providesarichercharacterizationof eachregion'srepresentationalstructurebycomparing
similarity matricesinsteadof classificationaccuracies,but it discardstrial-by-trial variability.
Furthermore,correlationsbetweendissimilaritymatricescanonly becomputedif thesameset
of conditionsareusedto generatethedissimilaritymatricesin eachregion.Whenthecondi-
tionscorrespondto individual stimuli asin [37] this isnot problematic,but if stimulus
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categoriesareusedit raisesthequestionof whetherit isappropriateto characterizetherepre-
sentationalspacesof verydifferentbrain regionsin termsof thedissimilaritiesbetweenthe
samesetof categories.Takingimagesof objectsasanexampleof stimuli, categorizationbased
on animacycouldbemostappropriatefor somebrain regions,whilecategorizationbasedon
colorcouldbemoreappropriatefor otherregions.

An additionalapproachhasuseddistancecorrelationto capturemultivariatedependences
betweenregions[38], finding morerobustresultsthantraditionalcorrelationsfor inhomoge-
neousregions.MVPD offersasadvantagesoverthisapproachtheability to teststabilityof the
dependencebetweentwo regionsin independentdata,andto analyzedependencefor different
representationalsubspaces(e.g.Fig7).This featureof MVPD makesit possibleto relatethe
dimensionscharacterizingaregion'sresponsesto stimuluspropertiesusingforwardmodels,
to theninvestigatewhatrepresentationalcontentdrivesstatisticaldependencebetweentwo
regions.

More generally,methodsto modelmultivariatestatisticaldependencecanbedescribedby
thewayin whichtheymodeltheresponsesof individual regions,andby thewayin whichthey
modelthedependencebetweentheregions.Somemethods(e.g.[18,19]) usemultivariate
methodsto generateaunidimensionalquantity(e.g.classificationaccuracy),andmeasuresta-
tisticaldependencerelatingtheseunidimensionalquantitiesbetweenregions(e.g.with corre-
lation).Othermethods(e.g.[37,39]) mapdirectlytheresponsesalongmultiple voxelsin one
regiononto responsesalongmultiple voxelsin another.MVPD combinesthetwo strategyby
initially mappingthemulti-voxelresponsesin eachregiononto asmallsetof dimensions(thus
reducingthenumberof parametersthatneedto beestimated),andthenmodelingthemulti-
variaterelationshipbetweenthesedimensionality-reducedpatterns(e.g.with multiple
regression).

Byvirtueof modelingthestatisticaldependencebetweenpatternsof responsesin different
regions,whichlikely correspondto differentprocessingstages,multivariatemeasuresof
dependencearerelatedto someextentto theapproachof developingcomputationalmodelsof
information processingandusingthemto predictneuralresponses[40,41].Twokeydiffer-
encesbetweentheseapproachesarethatatpresent,computationalmodelsof information pro-
cessinghavemoresophisticatedtoolsto relateneuralresponsesto stimulusproperties,but the
modelparametersaretrainedindependentlyof neuralresponses.Bycontrast,whilemultivari-
atedependencedoesnot yethavethesamelevelof sophisticationin linking neuralresponses
to stimulusproperties,it givestheneuraldataamorepredominantrole in shapingtheresult-
ing models,byestimatingparametersdirectlyusingthefMRI measurements.A recentarticle
[42] built amodelof visualcortexmorecloselyinspiredto thearchitectureof thebrain,mak-
ing astepin thedirectionof combiningthesetwo strengths.Futurework will benecessaryto
constraincomputationalmodelstakingfull advantageof thewealthof information available
in neuralmeasurementswhilealsotying theneuralresponsesto thestimuluscontentthey
represent.

Themostimportant assetof MVPD isprobablyits flexibility. Theframeworkof 1) model-
ling representationalspacesin individual regions,2) consideringmultivariatetimecoursesas
trajectoriesin theserepresentationalspaces,and3) fitting modelspredictingthetrajectoryin
therepresentationalspaceof oneregionasafunction of thetrajectoryin therepresentational
spacein anotheroffersawealthof possibilitiesto build increasinglyrefinedmodels,both in
termsof thecharacterizationof representationalspacesandin termsof themodelsof their
interactions.For thecharacterizationof representationalspaces,in thisarticleweadopted
PCAasasimpleexample,but othermethodssuchasindependentcomponentanalysis(ICA)
andnonlineardimensionalityreductiontechniquescanalsobeused.Formodellinginterac-
tionsbetweenregions,welimited thecurrentapplicationto simultaneous,non-directed
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interactionsfollowinganapproachsimilar to functionalconnectivity,but MVPD makesit pos-
sibleto modelnonlinearmapsbetweenrepresentationalspaces[43], andto usemodelsthat
investigatethedirectionalityof interactionsusingtemporalprecedence,alongthelinesof
GrangerCausality[8], DynamicCausalModelling[7], andDynamicNetworkModelling[11].
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