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Abstract

We considerlearning to classify cognitive statesof humansubjects,
basedontheirbrainactivity observedvia functionalMagneticResonance
Imaging(fMRI). Thisproblemis importantbecausesuchclassi�erscon-
stitute“virtual sensors”of hiddencognitive states,which maybeuseful
in cognitive scienceresearchandclinical applications.In recentwork,
Mitchell, et al. [6,7,9] have demonstratedthefeasibility of trainingsuch
classi�ersfor individualhumansubjects(e.g.,to distinguishwhetherthe
subjectis readingan ambiguousor unambiguoussentence,or whether
they arereadinga nounor a verb). Herewe extendthatline of research,
exploring how to train classi�ersthatcanbeappliedacrossmultiplehu-
mansubjects,including subjectswho werenot involved in training the
classi�er. Wedescribethedesignof severalmachinelearningapproaches
to training multiple-subjectclassi�ers, and report experimentalresults
demonstratingthe successof thesemethodsin learning cross-subject
classi�ersfor two differentfMRI datasets.

1 Intr oduction

The advent of functional MagneticResonanceImaging (fMRI) hasmadeit possibleto
safely, non-invasively observecorrelatesof neuralactivity acrosstheentirehumanbrainat
high spatialresolution.A typical fMRI sessioncanproducea threedimensionalimageof
brain activation onceper second,with a spatialresolutionof a few millimeters,yielding
tensof millions of individual fMRI observationsover the courseof a twenty-minuteses-
sion.This fMRI technologyholdsthepotentialto revolutionizestudiesof humancognitive
processing,providedwecandevelopappropriatedataanalysismethods.

Researchershave now employedfMRI to conducthundredsof studiesthat identify which
regionsof thebrainareactivatedonaveragewhenahumanperformsaparticularcognitive
task(e.g.,reading,puzzlesolving).Typical researchpublicationsdescribesummarystatis-
tics of brainactivity in variouslocations,calculatedby averagingtogetherfMRI observa-
tionscollectedover multiple time intervalsduringwhich thesubjectrespondsto repeated
stimuli of aparticulartype.

Our interesthereis in a differentproblem:trainingclassi�ersto automaticallydecodethe



subject's cognitive stateat a singleinstantor interval in time. If we canreliably train such
classi�ers,we maybeableto usetheseas“virtual sensors”of hiddencognitive states,to
observe previouslyhiddencognitive processesin thebrain.

In recentwork [6,7,9], Mitchell et al. have demonstratedthe feasibility of training such
classi�ers.Whereastheirwork focussedprimarily ontrainingadifferentclassi�er for each
humansubject,our focus in this paperis on training a singleclassi�er that canbe used
acrossmultiple humansubjects,including humansnot involved in the training process.
This is challengingbecausedifferentbrainshave substantiallydifferentsizesandshapes,
andbecausedifferentpeoplemay generatedifferentbrain activation given the samecog-
nitive state. Below we brie�y survey relatedwork, describea rangeof machinelearning
approachesto this problem,andpresentexperimentalresultsshowing statisticallysigni�-
cantcross-subjectclassi�er accuraciesfor two differentfMRI studies.

2 RelatedWork

As notedabove, Mitchell et al. [6,7,9] describemethodsfor trainingclassi�ersof cogni-
tive states,focussingprimarily on training subject-speci�cclassi�ers. More speci�cally,
they train classi�ersthatdistinguishamonga setof prede�nedcognitive states,basedon a
singlefMRI imageor �x edwindow of fMRI imagescollectedrelative to thepresentation
of a particularstimulus. For example,they reporton successfulclassi�ers to distinguish
whethertheobjectpresentedto thesubjectis a sentenceor a picture,whetherthesentence
beingviewedis ambiguousor unambiguous,whetheranisolatedword is a nounor a verb,
andwhetheran isolatednounis abouta person,building, animal,etc. They usedseveral
differentclassi�ers,andreportthat dimensionalityreductionmethodsareessentialgiven
thehigh dimensional,sparsetrainingdata.They proposespeci�c methodsfor dimension-
ality reductionthat take advantageof datacollectedduring restperiodsbetweenstimuli,
anddemonstratethattheseoutperformstandardmethodsfor featureselectionsuchasthose
basedon mutual information. Despitethesepositive results,thereremainseveral limita-
tions: classi�ersaretrainedandappliedover a �x ed time window of data,classi�ersare
trainedonly to discriminateamongprede�nedclassesof cognitive states,and they deal
only with singlecognitive statesratherthanmultiplestatesevolving over time.

In earlier work, Wagneret al. [11] report that they have beenable to predict whether
a verbalexperiencewill be rememberedlater, basedon the magnitudeof activity within
certainpartsof left prefrontalandtemporalcorticesduring that experience.Haxbyet al.
[2] show that different patternsof fMRI activity are generatedwhen a subjectviews a
photographof a faceversusahouse,etc.,andshow thatby dividing thefMRI datafor each
photographcategory into two samples,they could automaticallymatchthe datasamples
relatedto thesamecategory. Recentwork onbraincomputerinterfaces(see,e.g.,[8]) also
seeksto decodeobservedbrainactivity (oftenEEGor directneuralrecordings,ratherthan
fMRI) typically for thepurposeof controllingexternaldevices.

3 Approach

3.1 Learning Method

In thispaperweexploretheuseof machinelearningmethodsto approximateclassi�cation
functionsof thefollowing form

f : hI 1; :::; I n i ! CognitiveState

wherehI 1; :::; I n i is asequenceof n fMRI imagescollectedduringacontiguoustimeinter-
val andwhereCognitiveStateis thesetof cognitive statesto bediscriminated.We explore
anumberof classi�er trainingmethods,including:



� GaussianNaiveBayes(GNB).This classi�er learnsa class-conditionalGaussian
generativemodelfor eachfeature1. New examplesareclassi�edusingBayesrule
and the assumptionthat featuresare conditionally independentgiven the class
(see,for instance,[5]).

� SupportVector Machine (SVM).We employ a linear kernelSupportVectorMa-
chine(see,for instance,[1]).

� k NearestNeighbor(kNN).We usek NearestNeighborwith a Euclideandistance
metric,consideringvaluesof 1, 3, and5 for k (see,for instance,[5]).

Classi�erswereevaluatedusinga “leave onesubjectout” crossvalidationprocedure,in
which eachof the m humansubjectswasusedasa testsubjectwhile training on the re-
mainingm� 1 subjects,andthemeanaccuracy overtheseheldoutsubjectswascalculated.

3.2 Feature Extraction

In general,eachinput imagemaycontainmany thousandsof voxels.Weexploredavariety
of approachesto reducingthedimensionalityof theinput featurevector, includingmethods
that selecta subsetof availablefeatures,methodsthat replacemultiple featurevaluesby
their mean,andmethodsthat useboth of theseextractions. In the latter two cases,we
take meansover valuesfoundwithin anatomicallyde�ned brainregions(e.g.,dorsolateral
prefrontalcortex) whicharereferredto asRegionsof Interest,or ROIs).

Weconsideredthefollowing featureextractionmethods:

� Average. For eachROI, calculatethemeanactivity overall voxelsin theROI. Use
theseROI meansastheinput features.

� ActiveAvg(n). For eachROI, selectthen mostactive voxels2, thencalculatethe
meanof their values.Again,usetheseROI meansastheinput features.Herethe
“mostactive” voxelsarethosewhoseactivity while performingthetaskvariesthe
mostfrom theiractivity whenthesubjectis at rest(see[7] for details).

� Active(n).Selectthen mostactive voxelsover theentirebrain. Useonly thesen
voxelsasinput features.

3.3 RegisteringData fr om Multiple Subjects

Giventhedifferentsizesandshapesof differentbrains,it is notpossibleto directlymapthe
voxelsin onebrainto thosein another. Weconsideredtwo differentmethodsfor producing
representationsof fMRI datafor useacrossmultiplesubjects:

� ROI Mapping. Abstractthe voxel datain eachbrain using the Average or Ac-
tiveAvg(n) featureextractionmethoddescribedabove. Becauseeachbrain con-
tainsthesamesetof anatomicallyde�ned ROIs, we canusethe resultingrepre-
sentationof averageactivity perROI asacanonicalrepresentationacrosssubjects.

� Talairach coordinates.Thecoordinatesystemof eachbrain is transformed(geo-
metricallymorphed)into thecoordinatesystemof astandardbrain(known asthe
Talairach-Tournouxcoordinatesystem[10]). After thistransformation,eachbrain
hasthesameshapeandsize,thoughthetransformationis usuallyimperfect.

1It is well known thattheGaussianmodeldoesnotaccurately®t fMRI data.Somenon-Gaussian
models,suchasGeneralizedGaussianmodelwhich makesuseof the kurtosisof the data,and t-
distributionwhich is moreheavy-tailed,arein our futureplan.

2ThefMRI datausedhereare®rst preprocessedby FIASCO(http://www.stat.cmu.edu/� ®asco),
andtheactivevoxelsaredeterminedby t-test.



Therearesigni�cant differencesin thesetwo approaches.First, notethey differ in their
spatialresolutionand in the dimensionof the resultinginput featurevector. ROI Map-
ping resultsin just onefeatureperROI (we work with at most35 ROIs perbrain)at each
timepoint,whereasTalairachcoordinatesretainthevoxel-level resolution(on theorderof
15,000voxelsperbrain).Second,theapproacheshave differentnoisecharacteristics.ROI
Mappingreducesnoiseby averagingvoxel activations,whereastheTalairachtransforma-
tion effectively introducesnew noisedueto imperfectionsin themorphingtransformation.
Thus,theapproacheshave complementaryadvantagesanddisadvantages.Noticebothof
thesetransformationsrequirebackgroundknowledgeaboutbrainanatomyin orderto iden-
tify anatomicallandmarksor ROIs.

4 CaseStudies

Thissectiondescribestwo fMRI casestudiesusedfor trainingclassi�ers(detailedin [7]).

4.1 SentenceversusPicture Study

In this fMRI study [3], thirteennormalsubjectsperformeda sequenceof trials. During
eachtrial they were�rst shown a sentenceanda simplepicture,thenasked whetherthe
sentencecorrectlydescribedthepicture.We usedthis datasetto explorethefeasibility of
trainingclassi�ersto distinguishwhetherthesubjectis examininga sentenceor a picture
duringaparticulartime interval.

In half of thetrials thepicturewaspresented�rst, followedby thesentence,whichwewill
refer to asPSdataset. In the remainingtrials, thesentencewaspresented�rst, followed
by thepicture,which we will call SPdataset. Picturescontainedgeometricarrangements
of two of the following symbols:+ , � , $. Sentencesweredescriptionssuchas“It is true
thatthestaris below theplus,” or “It is not truethatthestaris above theplus.”

The learningtaskwe considerhereis to train a classi�er to determine,given a particular
16-imageinterval of fMRI data,whetherthe subjectwasviewing a sentenceor a picture
duringthis interval. In otherwords,wewish to learnaclassi�er of theform:

f : hI 1; :::; I 16 i ! f Picture,Sentenceg

whereI 1 is the imagecapturedat the time of stimulus(pictureor sentence)onset.In this
casewerestricttheclassi�er inputto 7 mostrelevantROIs3 determinedby adomainexpert.

4.2 SyntacticAmbiguity Study

In this fMRI study [4], subjectswerepresentedwith ambiguousandunambiguoussen-
tences,andwereaskedto respondto ayes-noquestionaboutthecontentof eachsentence.
Thequestionsweredesignedto ensurethatthesubjectwasin factprocessingthesentence.
Five normalsubjectsparticipatedin thisstudy, whichwewill referto asSAdataset.

Weareinterestedherein learningaclassi�er thattakesasinputaninterval of fMRI activity,
anddetermineswhetherthesubjectwascurrentlyreadinganunambiguousor ambiguous
sentence.An exampleambiguoussentenceis “The experiencedsoldierswarnedaboutthe
dangersconductedthe midnight raid.” An exampleof an unambiguoussentenceis “The
experiencedsoldiersspokeaboutthedangersbeforethemidnightraid.” Wetrainclassi�ers
of theform

f : hI 1; :::; I 16 i ! f Ambiguous,Unambiguousg

3They areparsopercularisof the inferior frontal gyrus,parstriangularisof the inferior frontal
gyrus,intra-parietalsulcus,inferior temporalgyri andsulci, inferior parietallobule,dorsolateralpre-
frontal cortex, andanareaaroundthecalcarinesulcus,respectively.



whereI 1 is theimagecapturedatthetimewhenthesentenceis �rst presentedto thesubject.
In thiscasewerestricttheclassi�er input to 4 ROIs4 consideredto bethemostrelevant.

5 Experimental Results

Theprimarygoalof this work is to determinewhetherandhow it is possibleto train clas-
si�ers of cognitive statesacrossmultiple humansubjects. We experimentedusing data
from thetwo casestudiesdescribedabove,measuringtheaccuracy of classi�erstrainedfor
singlesubjects,aswell asthosetrainedfor multiple subjects.Note we might expectthe
multiplesubjectclassi�cationaccuraciesto belowerdueto differencesamongsubjects,or
to behigherdueto thelargernumberof trainingexamplesavailable.

In orderto testthestatisticalsigni�canceof our results,considerthe 95%con�dencein-
tervals5 of the accuracies.Assumingthat errorson testexamplesare i.i.d. Bernoulli(p)
distributed,thenumberof observedcorrectclassi�cationswill follow aBinomial(n; p) dis-
tribution, wheren is thenumberof testexamples.Table1 displaysthe lowestaccuracies
thatarestatisticallysigni�cant at the95%con�dencelevel, wheretheexpectedaccuracy
dueto chanceis 0.5 given theequalnumberof examplesfrom bothclasses.We will not
reportcon�denceinterval individually for eachaccuracy becausethey areverysimilar.

Table1: Thelowestaccuraciesthataresigni�cantly betterthanchanceat the95%level.

SP PS SP+PS SA
# of examples 520 520 1040 100
Lowestaccuracy 54.3% 54.3% 53.1% 59.7%

5.1 ROI Mapping

We �rst considertheROI Mappingmethodfor mergingdatafrom multiplesubjects.Table
2 showstheclassi�eraccuraciesfor theSentenceversusPicturestudy, whentrainingacross
subjectsandtestingon thesubjectwithheld from thetrainingset. For comparison,it also
shows (in parentheses)the averageaccuracy achieved by classi�ers trainedandtestedon
singlesubjects.All resultsarehighly signi�cant comparedto the50%accuracy expected
by chance,demonstratingconvincingly the feasibility of trainingclassi�ersto distinguish
cognitivestatesin subjectsbeyondthetrainingset.In fact,theaccuracy achievedontheleft
outsubjectfor themultiple-subjectclassi�ersis oftenverycloseto theaverageaccuracy of
thesingle-subjectclassi�ers,andin severalcasesit is signi�cantly better. Thissurprisingly
positive resultindicatesthattheaccuracy of themultiple-subjectclassi�er, whentestedon
new subjectsoutsidethetrainingset,is comparableto theaverageaccuracy achievedwhen
trainingandtestingusingdatafrom a singlesubject.Presumablythis canbeexplainedby
thefactthatit is trainedusinganorderof magnitudemoretrainingexamples,from twelve
subjectsratherthanone. The increasein trainingsetsizeapparentlycompensatesfor the
variability amongsubjects.

A secondtrendapparentin Table2 is that the accuraciesin SPor PSdatasetsarebetter
thantheaccuracieswhenusingtheirunion(SP+PS).Presumablythis is dueto thefactthat
thecontext in which thestimulus(pictureor sentence)appearsis moreconsistentwhenwe
restrictto datain which thesestimuli arepresentedin thesamesequence.

4They includeparsopercularisof theinferior frontalgyrus,parstriangularisof theinferior frontal
gyrus,Wernicke's area,andthesuperiortemporalgyrus.

5Undercrossvalidation,welearnm classi®ers,andtheaccuracy wereportedis themeanaccuracy
of theseclassi®ers.Thesizeof thecon®denceinterval we computeis theupperboundof thesizeof



Table2: Multiple-subjectaccuraciesin theSentenceversusPicturestudy(ROI mapping).
Numbersin parenthesisarethecorrespondingmeanaccuraciesof single-subjectclassi�ers.

METHOD CLASSIFIER SP PS SP+PS
Average GNB 88.8%(90.6%) 82.3%(79.6%) 74.3%(66.5%)
Average SVM 86.5%(89.0%) 77.1%(83.7%) 75.3%(69.8%)
Average 1NN 84.8%(86.5%) 73.8%(61.9%) 63.7%(59.7%)
Average 3NN 86.5%(87.5%) 75.8%(69.2%) 67.3%(59.7%)
Average 5NN 88.7%(89.4%) 78.7%(74.6%) 68.3%(60.4%)

ActiveAvg(20) GNB 92.5%(95.4%) 87.3%(88.1%) 72.8%(75.4%)
ActiveAvg(20) 1NN 91.5%(94.4%) 83.8%(82.5%) 66.0%(71.2%)
ActiveAvg(20) 3NN 93.1%(95.4%) 86.2%(83.7%) 71.5%(73.2%)
ActiveAvg(20) 5NN 93.8%(95.0%) 87.5%(86.2%) 72.0%(73.2%)

Table 3: Multiple-subjectaccuraciesin the SyntacticAmbiguity study (ROI mapping).
Numbersin parenthesisarethecorrespondingmeanaccuraciesof single-subjectclassi�ers.
To choosen in ActiveAvg(n), weexploredall evennumberslessthan50,reportingthebest.

METHOD CLASSIFIER ACCURACY
Average GNB 58.0%(61.0%)
Average SVM 54.0%(63.0%)
Average 1NN 56.0%(54.0%)
Average 3NN 57.0%(64.0%)
Average 5NN 58.0%(60.0%)

ActiveAvg(n) GNB 64.0%(68.0%)
ActiveAvg(n) SVM 65.0%(71.0%)
ActiveAvg(n) 1NN 64.0%(61.0%)
ActiveAvg(n) 3NN 69.0%(60.0%)
ActiveAvg(n) 5NN 62.0%(64.0%)

Classi�er accuraciesfor theSyntacticAmbiguity studyareshown in Table3. Noteaccu-
raciesabove 59.7%aresigni�cantly betterthanchance.The accuraciesfor both single-
subjectandmultiple-subjectclassi�ersarelower thanin the�rst study, perhapsduein part
to thesmallernumberof subjectsandtrainingexamples.Althoughwe cannotdraw strong
conclusionsfrom theresultsof thisstudy, it providesmodestadditionalsupportfor thefea-
sibility of trainingmultiple-subjectclassi�ersusingROI mapping.Notethataccuraciesof
themultiple-subjectclassi�ersareagaincomparableto thoseof singlesubjectclassi�ers.

5.2 Talairach Coordinates

Next weexploretheTalairachcoordinatesmethodfor mergingdatafrom multiplesubjects.
Herewe considertheSyntacticAmbiguity studyonly6. Noteonedif�culty in utilizing the
Talairachtransformationhereis thatslightly differentregionsof thebrainwerescannedfor
differentsubjects.Figure1 showstheportionsof thebrainthatwerescannedfor two of the
subjectsalongwith the intersectionof theseregionsfrom all � ve subjects.In combining
datafrom multiplesubjects,weusedonly thedatain this intersection.

thetruecon®denceinterval of themeanaccuracy, whichcanbeshown usingtheLagrangianmethod.
6We experiencedtechnicaldif®culties in applying the Talairachtransformationsoftware to the

SentenceversusPicturestudy(see[3] for details).



Subject1 Subject2 Intersectingall subjects

Figure1: The two leftmostpanelsshow in color thescannedportionof thebrain for two
subjects(SyntacticAmbiguity study) in Talairachspacein sagittalview. The rightmost
panelshows theintersectionof thesescannedbandsacrossall � ve subjects.

The results of training multiple-subjectclassi�ers basedon the Talairachcoordinates
methodareshown in Table4. Notice the resultsarecomparableto thoseachievedby the
earlierROI Mappingmethodin Table3. Basedon theseresults,we cannotstatethatone
of thesemethodsis signi�cantly moreaccuratethanthe other. Whenusingthe Talairach
method,we foundthemosteffective featureextractionapproachwastheActive(n) feature
selectionapproach,which choosesthe n mostactive voxels from acrossthe brain. Note
thatit is notpossibleto usethis featureselectionapproachwith theROI Mappingmethod,
becausethe individual voxels from differentbrainscanonly be alignedafter performing
theTalairachtransformation.

Table4: Multiple-subjectaccuraciesin the SyntacticAmbiguity study(Talairachcoordi-
nates).Numbersin parenthesisarethemeanaccuraciesof single-subjectclassi�ers.For n
in Active(n), weexploredall evennumberslessthan200,reportingthebest.

METHOD CLASSIFIER ACCURACY
Active(n) GNB 63.0%(72.0%)
Active(n) SVM 67.0%(71.0%)
Active(n) 1NN 60.0%(64.0%)
Active(n) 3NN 60.0%(69.0%)
Active(n) 5NN 62.0%(69.0%)

6 Summary and Conclusions

The primary goal of this researchwasto determinewhetherit is feasibleto usemachine
learningmethodsto decodementalstatesacrossmultiple humansubjects.Thesuccessful
resultsfor two casestudiesindicatethatthis is indeedfeasible.

Two methodswereexploredto train multiple-subjectclassi�ersbasedon fMRI data.ROI
mappingabstractsfMRI databy usingthemeanfMRI activity in eachof severalanatom-
ically de�ned ROIs to mapdifferentbrainsin termsof ROIs. The transformationto Ta-
lairachcoordinatesmorphsbrainsinto a standardcoordinateframe,retainingtheapprox-
imatespatialresolutionof the original data. Using theseapproaches,it waspossibleto
trainclassi�ersto distinguish,e.g.,whetherthesubjectwasviewing apictureor asentence
describinga picture,andto apply thesesuccessfullyto subjectsoutsidethe training set.
In many cases,theclassi�cationaccuracy for subjectsoutsidethe trainingsetequalledor



exceededthe accuracy achieved by training on datafrom just the singlesubject. The re-
sultsusingthe two methodsshowedno statisticallysigni�cant differencein theSyntactic
Ambiguity study.

It is importanttonotethatwhileourempiricalresultsdemonstratetheability tosuccessfully
distinguishamonga prede�nedsetof statesoccurringat speci�c timeswhile the subject
performsspeci�c tasks,they donotyetdemonstratethattrainedclassi�erscanreliablyde-
tectcognitive statesoccurringat arbitrarytimeswhile thesubjectperformsarbitrarytasks.
We intendto pursuethis moregeneralgoalin futurework. We foreseemany opportunities
for futuremachinelearningresearchin this area.For example,we planto next learnmod-
elsof temporalbehavior, in contrastto thework reportedherewhich considersonly data
at a singletime interval. MachinelearningmethodssuchasHiddenMarkov Modelsand
DynamicBayesianNetworks appearrelevant. A secondresearchdirectionis to develop
learningmethodsthattakeadvantageof datafrom multiplestudies,in contrastto thesingle
studyeffortsdescribedhere.
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