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Abstract

StatisticalthresholdsandP-valuescannotbetrustedunlessyouassesstheas-
sumptionsof themodel.Linearmodelsassume(1) nosystematiclack-of-�t,
i.e. meanzeroerrors,(2) constantvariance,(3) independenceor a speci�c
dependencestructure,and (4) Gaussiandistributederrors. In neuroimag-
ing checkingassumptionsis particularlychallenging,asthereare100,000
univariatemodels�t simultaneously. We have previously reportedmeth-
odsto swiftly �nd andcharacterizeviolationsof theseassumptions,usinga
working correlationmodelof independence[1; SPMdtoolbox,2]. In this
work weextendourmethodsto includeanarbitrarycovariancestructureand
demonstratediagnosisof autocorrelationassumptions.

Introduction

fMRI datais typically analyzedwith amassively univariateapproach,where
a univariatemodel is �t independentlyat every voxel. After model �tting
it is commonto immediatelyproceedto inference,that is, to theprocessof
selectingvoxels that demonstratean effect basedon a statisticalthreshold
or P-value. However, thresholdsandP-valuesreston the assumptionsof
themodel.While modeldiagnosisandexplorationis anintegral partof any
statisticalmodelingendeavor, theseaspectshave beenmostly neglectedin
functionalneuroimaging.

In previous work [1], we proposeda collectionof tools andexplicit pro-
ceduresto checkmodelassumptionsandto explore �t andresiduals.The
two essentialaspectsof our work are(a) imageandtime seriessummaries
which characterize�t andresidualsand(b) dynamicvisualizationtools to
explore thesesummariesandto ef�ciently identify spatiotemporalregions
of interest. Tables1 and2 describesthe SpatialandTemporalsummaries
usedto localizeanomalies,andTable3 givesspeci�c recommendationson
how to review thesesummaries.Figure1 shows the a view of the SPMd
toolboxfor SPM2[3].

Our earlierwork assumeda working modelof independenterrors. fMRI
datais well known to exhibit temporalcorrelation,andherereportonexten-
sionsin orderto diagnosemodelswhichallow for dependenterrors.

Table1: SPMd:ModelSummaryStatistics
Statistic AssumptionAssessed
Cook-Weisberg Var(� i ) = � 2 Constantvariance
Durbin-Watson Cov(� i ; � i+1) = 0 No AR(1) autocorrelation
Cumulative Periodogram Var(e) = � 2I Independence
Shapiro-Wilk � � Normal Normality
OutlierCount Artif acts Normality& lack-of-�t
Std.Deviation Artif acts

Table2: SPMd:ScanSummaryStatistics
Summary Interpretation
GlobalIntensity Wholebrainsignalsor artifacts
OutlierCount Shotnoise,artifacts
Preprocessingparameters Suggestscauseof artifacts
Experimentalpredictors Investigatemismodeledsignal

in residuals

Table3: DiagnosticStrategies
SPMdWindow Function
TemporalSummaries Systemicproblems?Transientproblems?

Intersummaryrelationships
SpatialSummaries Explorenoise& signal

Assessassumptionswith diagnosticstatistics
TemporalDetail Assesstemporalextentof problem
SpatialDetail Assessspatial(-temporal)extentof problem

Figure1: SPMdSnapshot.CentertopshowstheModelDetailwindow, with
diagnosticplots for themodelat a singlevoxel. On the right is theModel
Summarywindow, show statisticimagesassessingmodelassumptions.On
theleft is theScanSummarywindow, showing diagnosticsthatassesseach
time point. Not shown is theScanDetail window, consistingof imagesof
standardizedresiduals.

Methods

Model

At eachvoxel we �t a GeneralLinearModel (GLM)

Y = X � + �; � � N (0; V � 2):

whereY is thedata,X is thedesignmatrix of predictors,� is theunknown
parametersand� arethe randomerrors;V is the correlationmatrix of the
errors,which is the identity underindependentand identically distributed
(iid) assumptions.

V̂ , anestimateof V , is usedto createa de-correlatingor whiteningmatrix
W = V̂ � 1=2. Thewhitenedmodelis thenWY = WX � + W� , or

Y � = X � � + � � ; � � � N (0; WVW> � 2) (1)

If V̂ = V exactly, thenmodel (1) would have independenterrorsandthe
estimateb� = (X �> X � )� 1X �> Y � would beoptimal(have minimumvari-
ance).

Diagnosis

Diagnosisproceedson the whitenedmodel(1), usingthe whitenedmodel
residuals,

e� = Y � � X � b� = W(Y � X b� )

Thee� canbeexploredanddiagnosedasany setof residuals,with plotsor
diagnosticstatisticimages.But to speci�cally assesstheaccuracy of thede-
pendencemodel,we focuson theDurbin-Watson(AR1 Correlationtest)&
Cumulative Periodogram(Arbitarry correlationtest)statistics,andtheplot
of e�

i vs. e�
i+1 (Laggedresidualplot) which is sensitive to AR1-typeauto-

correlation.

RealData: Methods

Weexaminearandomlyselectedsubjectfrom astudyof emotionalprocess-
ing,usingtheIAPSstimuli. The�rst sessionconsistedof 120scans(TR=2),
anda block design(40sblocks)alternatingbetweenblank screenandpic-
ture stimuli. The datawere registeredwith FSL [4], slice time corrected
with a windowed-sinc-kernel,andmodeledin SPM2usingHRF-convolved
boxcars.SPM2usesan 2-termTaylor seriesapproximationto an � = 0:2
AR(1) autocorrelationmodel[5]. Usingonly thosevoxelssurviving a pre-
liminary F-test,theautocorrelationfunction(ACF) is estimatedlocally and
thenpooledto createa singlematrix V̂ which is usedateveryvoxel.

Results

Of 48,318voxels in thebrain,SPM2used35,155to
estimatetheACF. Theplot at right shows theglob-
ally estimatedACF (red, solid line) as well as the
approximatingACFs (blue & green,dashedlines).
The �rst approximatingterm(blue) is theACF of a
� = 0:2 AR1 model;thattheestimatedACF (red)is
broadersuggeststhat� > 0:2.
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Thenext columnover shows theresultsfor 3 differentvoxels. In Figure2,
the global autocorrelationmodelhasaccuratelycapturedthe dependence,
andthediagnosticson theAR1 modelshow no violationsof assumptions.
In Figure3, the selectedvoxel appearsto have no autocorrelationto start
with, sotheAR1 model'swhiteningtheninducesnegativecorrelation.And
Figure4 shows a voxel with correlationthat is strongerthan the globally
estimatedcorrelation,andhencethereremainspositive autocorrelationin
thewhitenedresiduals

Thedatasetdemonstratedgreaterautocorrelationin themiddleslices,which
isattributabletoslicetimeingcorrection.At UM weuseawindowedsincin-
terpolation,whichoffersgreaterrobustnessto outliersin exchangefor some
temporalsmoothing.Thereis little or no interpolationfor theslicesnearthe
top andbottomof thevolume,andsothey suffer lesssmoothingandhence
exhibit lessautocorrelation.

Conclusions

We have shown how theassumptionson theautocorrelationof fMRI noise
can be critically assessed.By examining dependencediagnosticson the
whitenedmodels'residuals,theaccuraccy of theautocorrelationmodelcan
bedetermined.

In thisdatasetwehavefoundthatSPM2largelyaccountedfor theautocorre-
lation present.However, therewerevariationsin thestrengthof correlation
andSPM's globalACF cannotadaptto theselocal changes.This supports
the needfor local autocorrelationmodelingin order to ensureaccurateP-
valuesandvalid inferencesateveryvoxel.
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ResultsFigures

Figure2: Voxel with GoodAutocorrelationFit

For the Indep. Model
(nearright), the diagnos-
tics detect temporal au-
tocorrelationin much of
the brain, especially in
the middle slices. For
the SPM AR1 model
(far right), the diagnos-
ticsaremostlynonsignif-
icant, except for a subtle
patternof dependencein
middle slices(AR1 corr)
and extreme slices (arb.
dep). For selectedvoxel
[32,33,30], the lagged
residualplots for the In-
dep. Model shows au-
tocorrelation(nearright)
while the plot for the
SPM AR1 Model shows
none(far right). Time se-
ries of �t and residuals
(below) show thesesame
results.

Indep.Model SPMAR1 Model

Top: -log10 P for testof AR1 Corr. Top: -log10 P for testof AR1 Corr.
Bottom:-log10 Pfor testof arb. dep. Bottom:-log10 Pfor testof arb. dep.

LaggedResidualPlot (ei vs ei+1 ) LaggedResidualPlot (ei vsei+1 )

IndependenceModel®t andResiduals SPMAR1 Model®t andResiduals

Figure3: Voxel with AutocorrelationOver-Fit

Nearthe top of the brain
there is no evidence of
autocorrelation in the
independence model
(near right). In the
approximateAR1 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
show negative auto-
correlation in the AR1
model's residuals. The
likely cause of this is
that over-whitening has
induced (negative) de-
pendence.This is a result
of SPM using a global
autocorrelation model
which cannot adapt
locally. under-whitened.

Indep.Model SPM2AR1 Model

Top: -log10 P for testof AR1 Corr. Top: -log10 P for testof AR1 Corr.
Bottom:-log10 Pfor testof arb. dep. Bottom:-log10 Pfor testof arb. dep.

LaggedResidualPlot (ei vs ei+1 ) LaggedResidualPlot (ei vsei+1 )
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Figure4: Voxel with AutocorrelationUnder-Fit

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

Indep.Model SPM2AR1 Model

LaggedResidualPlot (ei vsei+1 ) LaggedResidualPlot (ei vsei+1 )

show that,evenafterwhitening,thereis stil somecorrelationpresent.This
again is attributableto a globalautocorrelationmodelwhich cannotadapt
locally, resultingin thevery middleslicesbeingunder-whitened.
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