SPMdfor Diagnosisof fMRI Modelswith Autocorrelation

Abstract

StatisticathresholdandP-valuescannotetrustedunlessyouassestheas-
sumptionf themodel.Linearmodelsassumél1) no systematidack-of- t,
l.e. meanzeroerrors,(2) constantvariance,(3) independencer a speci c
dependencstructure,and (4) Gaussiardistributed errors. In neuroimag-
Ing checkingassumptionss particularly challenging,asthereare 100,000
univariatemodels t simultaneously We have previously reportedmeth-
odsto swiftly nd andcharacterizeriolationsof theseassumptiongjsinga
working correlationmodelof independencgl; SPMdtoolbox, 2]. In this
work we extendour methodgo includeanarbitrarycovariancestructureand
demonstrateliagnosisof autocorrelatiormssumptions.

Introduction

fMRI datais typically analyzedvith amassvely univariateapproachwhere
a univariatemodelis t independenthat every voxel. After model tting
It is commonto immediatelyproceedo inferencethatis, to the processof
selectingvoxels that demonstraten effect basedon a statisticalthreshold
or P-value. However, thresholdsand P-valuesrest on the assumption®f
themodel. While modeldiagnosisandexplorationis anintegral partof arny
statisticalmodelingendeaor, theseaspectdave beenmostly neglectedin
functionalneuroimaging.

In previous work [1], we proposeda collection of tools and explicit pro-
cedurego checkmodelassumptiongndto explore t andresiduals.The
two essentiabspect®f our work are (a) imageandtime seriessummaries
which characterizet andresidualsand(b) dynamicvisualizationtoolsto
explore thesesummariesandto ef ciently identify spatiotemporategions
of interest. Tables1 and2 describeghe Spatialand Temporalsummaries
usedto localizeanomaliesand Table 3 givesspeci c recommendationsn
how to review thesesummaries.Figure 1 shows the a view of the SPMd
toolboxfor SPM2[3].

Our earlierwork assumecdh working model of independenerrors. fMRI
datais well known to exhibit temporalcorrelationandherereporton exten-
sionsin orderto diagnosanodelswhich allow for dependenérrors.

Tablel: SPMd: Model SummaryStatistics
AssumptionAssessed

Var( i) = ¢ Constanvariance
Cov( j; i+1) = 0 NoAR(1) autocorrelation

Statistic

Cook-Weisbeg
Durbin-Watson

Cumulatve Periodogram Var(e) = 2l Independence
Shapiro-Wk Normal Normality

Outlier Count Artif acts Normality & lack-of- t
Std. Deviation Artif acts

Table2: SPMd: ScanSummaryStatistics
Summary Interpretation

Globalintensity Wholebrainsignalsor artifacts

Outlier Count Shotnoise,artifacts

Preprocessingarameters Suggestgauseof artifacts

Experimentapredictors Investigatemismodeledsignal
In residuals

Table3: DiagnosticStratgies
SPMdWindow Function

TemporalSummaries Systemigoroblems?Transientproblems?
Intersummaryelationships

Explorenoise& signal
Assessaassumptionsvith diagnosticstatistics
Assesdemporalextentof problem
Assesspatial(-temporal@xtentof problem

SpatialSummaries

TemporalDetall
SpatialDetall

Figurel: SPMdSnapshotCentertop shavstheModel Detailwindow, with

diagnosticplots for the modelat a singlevoxel. On theright is the Model
Summarywindow, shawv statisticimagesassessingnodelassumptionsOn
theleft is the ScanSummarywindow, shaving diagnosticgdhatassesgach
time point. Not shavn is the ScanDetail window, consistingof imagesof

standardizedesiduals.
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Model

At eachvoxel we t aGeneralLinearModel (GLM)
Y=X +; NGV 2

whereY is thedata,X isthedesignmatrix of predictors, istheunknovn
parameterand aretherandomerrors;V is the correlationmatrix of the
errors,which is the identity underindependentindidentically distributed
(iid) assumptions.

\/, anestimateof V, is usedto createa de-correlatingor whiteningmatrix
W = ¥ 172 ThewhitenedmodelisthenWY = WX + W , or
Y =X + N(O;WVW> 2 (1)

If ¥ = V exactly, thenmodel (1) would have independenerrorsandthe
estimatebh = (X > X ) IX > Y would be optimal (have minimum vari-
ance).

Diagnosis

Diagnhosisproceedson the whitenedmodel (1), usingthe whitenedmodel
residuals,
e =Y Xb=WY Xb)

Thee canbeexploredanddiagnosedsary setof residualswith plotsor
diagnosticstatisticimages.But to speci cally assestheaccuray of thede-
pendencenodel,we focusonthe Durbin-Watson(AR1 Correlationtest) &

Cumulatve Periodogran{Arbitarry correlationtest) statistics,andthe plot
of e vs.e,, (Laggedresidualplot) which is sensitve to AR1-type auto-
correlation.

Real Data: Methods

We examinearandomlyselectedubjectfrom a studyof emotionalprocess-
Ing, usingthelAPS stimuli. The rst sessiorconsistemf 120scangd TR=2),
anda block design(40sblocks) alternatingbetweenblank screenand pic-
ture stimuli. The datawere registeredwith FSL [4], slice time corrected
with awindowed-sinc-lernel,andmodeledn SPM2usingHRF-corvolved
boxcars. SPM2usesan 2-term Taylor seriesapproximationto an = 0:2
AR(1) autocorrelatiormodel[5]. Usingonly thosevoxels surviving a pre-
liminary F-test,the autocorrelatiorfunction (ACF) is estimatedocally and
thenpooledto createa singlematrix ¥ which is usedat every voxel.

Of 48,318voxelsin the brain, SPM2used35,155t0
estimatethe ACFE The plot at right shavs the glob- °¢|
ally estimatedACF (red, solid line) aswell asthe o
approximatingACFs (blue & green,dashedines). o
The rst approximatingeerm (blue) is the ACF of a o LR\ *

= 0:2 AR1 model;thatthe estimatedACF (red)is g eeees®——ogose,
broadersuggestshat > 0:2.

w =1,Q
w =1,Q, ]
—6— ACF

The next columnover shavs the resultsfor 3 differentvoxels. In Figure?2,
the global autocorrelatiormodel hasaccuratelycapturedthe dependence,
andthe diagnosticoon the AR1 modelshav no violationsof assumptions.
In Figure 3, the selectedvoxel appeardo have no autocorrelatiorto start
with, sothe AR1 model's whiteningtheninducesnegativecorrelation.And
Figure 4 shaws a voxel with correlationthat is strongerthanthe globally
estimatedcorrelation,and hencethereremainspositve autocorrelationn
thewhitenedresiduals

Thedatasetiemonstratedreaterautocorrelatiomn themiddleslices,which
IS attributableto slicetimeingcorrection. At UM we useawindowedsincin-
terpolationwhich offersgreaterobustnesso outliersin exchangdor some
temporalsmoothing.Thereis little or nointerpolationfor theslicesnearthe
top andbottomof thevolume,andsothey suffer lesssmoothingandhence
exhibit lessautocorrelation.

Conclusions

We have shawvn how the assumption®n the autocorrelatiorof fMRI noise
can be critically assessed By examining dependenc@&iagnosticson the
whitenedmodels'residualstheaccuracyg of the autocorrelatiormodelcan
bedetermined.

In thisdatasetve have foundthatSPM2largely accountedor theautocorre-
lation presentHowever, therewerevariationsin the strengthof correlation
and SPM's global ACF cannotadaptto theselocal changes.This supports
the needfor local autocorrelatiormodelingin orderto ensureaccurateP-

valuesandvalid inferencesat every voxel.
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ResultsFigures

Figure2: Voxel with GoodAutocorrelationFit

For the Indep. Model SPMAR1 Model
(nearright), the diagnos-
tics detecttemporal au-
tocorrelationin much of
the brain, especiallyin
the middle slices. For
the SPM AR1 model
(far right), the diagnos-
tics aremostlynonsignif-
iIcant, exceptfor a subtle
patternof dependencn
middle slices(AR1 corr)
and extreme slices (arh

dep). For selectedvoxel

[32,33,30], the lagged
: Top: -logyg P for testof AR1 Corr.  Top: -log,g P for testof AR1 Corr.
residualplots for the In-  Bottom:-logy Pfor testof arh dep. Bottom: -logso Pfor testof arh dep.

dep. Model shovs au-
tocorrelation(nearright)
while the plot for the
SPM AR1 Model shaws
none(farright). Time se-
ries of t and residuals

(belov) shav thesesame |aggedresiduaPlot(e vse.1)  LaggedResiduaPlot (e vse.)
results.

Indep.Model

Independenc®lodel ® andResiduals SPMAR1 Model ®t andResiduals

Figure3: Voxel with AutocorrelationOver-Fit

Nearthe top of the brain SPM2AR1 Model
there is no evidence of
autocorrelation in the
Independence model
(near right). In the
approximatéAR1 model,
however, there is some
evidence of type of
arbitary correlation (far
right, 2nd from top). At
voxel [37,33,37], the
lagged residual plots
shav negatve auto-
correlation in the AR1

models residuals. The
Top: -logyg P for testof AR1 Corr.  Top: -log,g P for testof AR1 Corr.

likely cause of this IS Bottom:-logy,Pfor testofarh dep. Bottom:-logs, Pfor testof arh dep.
that overwnhitening has

iInduced (negative) de-
pendenceThisis aresult
of SPM using a global
autocorrelation model
which cannot adapt

locally. underwhitened LaggedResiduaPlot(g vse+;) LaggedResiduaPlot(g vse.;)

Indep.Model

Independenc®odel ® andResiduals SPMAR1 Model ®t andResiduals

Figure4: Voxel with AutocorrelationUnderFit

Near the very middle SPM2AR1 Model
(vertically) of the brain,
the AR1 model shavs
evidenceAR1 dependent
residuals(seeFig. 3, top
right). Lagged resid-
ual plots (right) for voxel
[43,30,20]

shav that, evenafterwhitening,thereis stil somecorrelationpresent.This
again is attributableto a global autocorrelatioormodelwhich cannotadapt

locally, resultingin thevery middle slicesbeingunderwhitened

Indep.Model

LaggedResidualPlot(e vse+,) LaggedResiduaPlot(e vse+1)

Independenc&lodel ®t andResiduals SPMAR1 Model ®t andResiduals




