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Abstract

We considerlearning to classify cognitive statesof human subjects,
basedntheirbrainactivity obsenedvia functionalMagneticResonance
Imaging(fMRI). This problemis importantbecausesuchclassi erscon-
stitute“virtual sensors’of hiddencognitive stateswhich may be useful
in cognitive scienceresearchandclinical applications.In recentwork,
Mitchell, etal. [6,7,9] have demonstratethefeasibility of trainingsuch
classi ersfor individualhumansubjectqe.g.,to distinguishwhetherthe
subjectis readingan ambiguousor unambiguoussentencepr whether
they arereadinga nounor averb). Herewe extendthatline of research,
exploring how to train classi ersthatcanbe appliedacrosamultiple hu-
mansubjectsjncluding subjectswho were not involvedin training the
classi er. We describehedesignof severalmachindearningapproaches
to training multiple-subjectclassi ers, and report experimentalresults
demonstratinghe successof thesemethodsin learning cross-subject
classi ersfor two differentfMRI datasets.

1 Intr oduction

The adwent of functional Magnetic Resonancemaging (fMRI) hasmadeit possibleto
safely non-invasively obsene correlatef neuralactiity acrosgheentirehumanbrainat
high spatialresolution.A typical fMRI sessiorcanproducea threedimensionaimageof
brain activation onceper secondwith a spatialresolutionof a few millimeters, yielding
tensof millions of individual fMRI obsenationsover the courseof a twenty minute ses-
sion. ThisfMRI technologyholdsthe potentialto revolutionizestudiesof humancognitive
processingprovidedwe candevelopappropriatadataanalysisnethods.

Researchersave nowv employedfMRI to conducthundredsof studiesthatidentify which
regionsof thebrainareactivatedon average whena humanperformsa particularcognitive
task(e.g.,readingpuzzlesolving). Typical researcipublicationsdescribesummarystatis-
tics of brainactiity in variouslocations,calculatedby averagingtogetherfMRI obsena-
tions collectedover multiple time intervals during which the subjectrespondgo repeated
stimuli of a particulartype.

Ourinteresthereis in a differentproblem:training classi ersto automaticallydecodethe



subjects cognitive stateat a singleinstantor intervalin time. If we canreliably train such
classi ers,we may be ableto usetheseas“virtual sensors’of hiddencognitive statesto
obsene previously hiddencognitive processes the brain.

In recentwork [6,7,9], Mitchell et al. have demonstratedhe feasibility of training such
classi ers(e.g.,to distinguishwhetherthe word a personis readingis a nounor a verb).
Whereagheirwork focussegrimarily ontrainingadifferentclassi erfor eachhumansub-
ject,ourfocusin this paperis ontrainingasingleclassi er thatcanbeusedacrossnultiple
humansubjectsjncludinghumanaotinvolvedin thetrainingprocessThisis challenging
becausdifferentbrainshave substantiallydifferentsizesand shapesandbecausdliffer-
ent peoplemay generataifferentbrain activation given the samecognitive state. Below
we brie y surwy relatedwork, describea rangeof machinelearningapproacheso this
problem, and presentexperimentalresultsshaving statistically signi cant cross-subject
classi er accuraciegor two differentfMRI studies.

2 RelatedWork

As notedabove, Mitchell et al. [6,7,9] describemethodsfor training classi ersof cogni-
tive statesfocussingprimarily on training subject-speci cclassi ers. More speci cally,
they train classi ersthatdistinguishamonga setof prede nedcognitive stateshasedn a
singlefMRI imageor x edwindow of fMRI imagescollectedrelative to the presentation
of a particularstimulus. For example,they reporton successfutlassi ersto distinguish
whetherthe objectpresentedo the subjectis a sentencer a picture,whetherthe sentence
beingviewedis ambiguousr unambiguouswhetheranisolatedword is a nounor averb,
andwhetheran isolatednounis abouta person,building, animal, etc. They usedGaus-
sianNaive Bayesclassi ers, NearesiNeighbor andSupportVectorMachineclassi ers,
andreportthatdimensionalityreductionmethodgqe.g.,featureselection aggreatingfea-
ture values)are essentiabiven the high dimensional sparsetraining data. They propose
speci ¢ methodsor dimensionalityreductionthattake advantageof datacollectedduring
restperiodsbetweenstimuli, anddemonstrat¢hattheseoutperformstandardnethodsor
featureselectionsuchas thosebasedon mutual information. Despitethesepositive re-
sults,thereremainseverallimitations: classi ersaretrainedandappliedovera x edtime
window of data,classi ers aretrainedonly to discriminateamongprede nedclassef
cognitive statesandthey dealonly with single cognitive statesratherthanmultiple states
evolving overtime.

In earlierwork, Wagneret al. [11] reportthat they have beenableto predict whether
a verbalexperiencewill be rememberedater, basedon the magnitudeof activity within
certainpartsof left prefrontalandtemporalcorticesduring that experience.Haxby et al.
[2] shav that different patternsof fMRI actiity are generatedvhen a subjectviews a
photograptof afaceversusahousegtc.,andshav thatby dividing thefMRI datafor each
photographcategory into two samplesthey could automaticallymatchthe datasamples
relatedto the samecatayory. Recenwork on braincomputefinterfacegseee.g.,[8]) also
seekdo decodeobsenedbrainactiity (oftenEEG or directneuralrecordingsratherthan
fMRI) typically for the purposeof controlling externaldevices.

3 Approach

3.1 Learning Method

In this papemwe exploretheuseof machindearningmethod€o approximateclassi cation
functionsof thefollowing form

CognitiveState



where isasequencef fMRI imagescollectedduringacontiguoudimeinter-
val andwhereCognitiveStatds the setof cognitive statego be discriminated We explore
anumberof classi er trainingmethodsjncluding:

GaussianNaiveBayes(GNB). This classi er learnsa class-conditionaGaussian
generatie modelfor eachfeature.New examplesareclassi ed usingBayesrule
and the assumptiorthat featuresare conditionally independengiven the class
(seefor instance[5]).

SupportVector Machine (SVM).We employ a linear kernel SupportVector Ma-
chine(seefor instance[1]).

k NeaestNeighbor(kNN)We use NearestNeighborwith a Euclideandistance
metric,consideringvaluesof 1, 3, and5 for  (seefor instance[5]).

Trainedclassi erswereevaluatedusinga “leave one subjectout” crossvalidationproce-
dure,in which eachof the  humansubjectsvasusedasa testsubjectwhile training on
theremaining subjectsandthemeanaccurag overtheseheld out subjectsvasthen
calculated.

3.2 Feature Selection

In general,eachinput imagemay containmary thousand®of voxels (threedimensional
pixels). We exploreda variety of approachet reducingthe dimensiorof theinputfeature
vector, including methodsthat selecta subsetof availablefeaturesmethodsthatreplace
multiple featurevaluesby their mean,and methodshat useboth of theseabstractionsin
the latter two caseswe take meansover valuesfound within anatomicallyde ned brain
regions(e.g.,dorsolateraprefrontalcortex) which arereferredto asRegionsof Interest,or
ROI's.

We consideredhefollowing featureselectionandfeatureabstractiormethods:

Average. For eachROl, calculatethe meanactiity overall voxelsin theROI. Use
theseROI meansastheinputfeatures.

ActiveArg(n). For eachROI, selectthe mostactive voxels, thencalculatethe
meanof their values.Again, usetheseROI meansastheinputfeaturesHerethe
“mostactive” voxelsarethosewhoseactiity while performingthetaskvariesthe
mostfrom their activity whenthe subjectis atrest(see[7] for details).

Active(n).Selectthe mostactive voxelsoverthe entirebrain. Useonly these
voxelsasinputfeatures.

3.3 RegisteringData from Multiple Subjects

Giventhedifferentsizesandshape®f differentbrains,it is notpossibleto directly mapthe
voxelsin onebrainto thosein another We consideredwo differentmethodgor producing
representationsf fMRI datafor useacrossmultiple subjects:

ROl Mapping Abstractthe voxel datain eachbrain usingthe Average or Ac-
tiveArg(n) featureabstractiormethoddescribedabove. Becauseeachbrain con-
tainsthe samesetof anatomicallyde ned ROIs, we canusethe resultingrepre-
sentatiorof averageactiity perROI asacanonicalepresentatioacrossubjects.

Talairach coordinates.The coordinatesystemof eachbrainis transformedgeo-
metricallymorphed)into the coordinatesystemof a standardrain (known asthe
Talairach-Durnouxcoordinatesysteny10]). After thistransformationeachbrain
hasthe sameshapeandsize,thoughthe transformatioris usuallyimperfect.



Thereare signi cant differencesn thesetwo approachesFirst, notethey differ in their
spatialresolutionandin the dimensionof the resultinginput featurevector ROl Map-
ping resultsin just onefeatureper ROI (we work with at most35 ROIs perbrain) at each
timepoint,whereasTalairachcoordinatesetainthe voxel-level resolution(on the orderof
15,000voxelsperbrain). Secondthe approachebkave differentnoisecharacteristicsROI
Mappingreducesoiseby averagingvoxel activations,whereaghe Talairachtransforma-
tion effectively introducesnew noisedueto imperfectionsn themorphingtransformation.
Thus,the approachesave complementaradwantagesanddisadwantages Notice both of
thesdransformationsequirebackgroundknowledgeaboutbrainanatomyin orderto iden-
tify anatomicalandmarksor ROls.

4 CaseStudies

This sectiondescribegwo fMRI casestudiesusedfor training classi ers(detailedin [7]).
In thesecasestudies the expectedclassi cationaccurag from randomguessings 50%,
giventhe equalnumberof examplesfrom bothclasses.

4.1 SentenceversusPicture Study

In this fMRI study[3], thirteennormal subjectsperformeda sequencef trials. During
eachtrial they were rst shavn a sentenceanda simple picture, thenasled whetherthe
sentenceorrectlydescribedhe picture. We usedthis datasetto explore thefeasibility of
training classi ersto distinguishwhetherthe subjectis examininga sentencer a picture
duringaparticulartime interval.

In half of thetrialsthe picturewaspresentedrst, followedby the sentencewhichwe will
referto asSPdataset In theremainingtrials, the sentencavaspresentedrst, followed
by the picture,whichwe will call PSdataset Picturescontainedyeometricarrangements
of two of thefollowing symbols: , , $. Sentencesveredescriptionssuchas‘It is true
thatthe staris below theplus; or “It is nottruethatthe staris above the plus?

The learningtaskwe considerhereis to train a classi er to determine given a particular
16-imageintenval of fMRI data,whetherthe subjectwasviewing a sentencer a picture
duringthisinterval. In otherwords,we wishto learnaclassi er of theform:

Picture,Sentence

where is theimagecapturedat thetime of stimulus(pictureor sentencepnset.In this
casewe restrictedtheclassi er inputto 7 ROIs determinedy a domainexpertto be most
relevant.

4.2 Syntactic Ambiguity Study

In this fMRI study[4], subjectswere presentedvith ambiguousand unambiguoussen-

tencesandwereasledto respondo ayes-noquestionaboutthe contentof eachsentence.
Thequestionsveredesignedo ensurehatthe subjectwasin factprocessinghesentence.
Five normalsubjectsparticipatedn this study In the following, we referto this studyas

SAdataset

We areinterestedherein learningaclassi er thattakesasinputaninterval of fMRI actwity,
anddeterminesvhetherthe subjectwas currentlyreadingan unambiguou®r ambiguous
sentenceAn exampleambiguoussentences “The experiencedsoldierswarnedaboutthe
dangersconductedhe midnightraid” An exampleof an unambiguousentencas “The
experiencedoldiersspole aboutthedangerdeforethemidnightraid” Wetrainclassi ers
of theform

Ambiguous,Unambiguous



where istheimagecapturedatthetimewhenthesentencés rst presentedo thesubject.
In this casewe restrictedthe classi er inputto 4 ROIs consideredo be the mostrelevant
by adomainexpert.

5 Experimental Results

The primary goal of thiswork is to determinewhetherandhow it is possibleto train clas-
si ers of cognitive statesacrossmultiple humansubjects. We experimentedusing data
from thetwo casestudiesdescribedabore, measuringheaccurag of classi erstrainedfor
singlesubjectsaswell asthosetrainedfor multiple subjects.Note we might expectthe
multiple subjectclassi cationaccuracieso belower dueto differencesamongsubjectspor
to be higherdueto thelargernumberof trainingexamplesavailable.

In orderto testthe statisticalsigni cance of our results,considerthe 95% con dencein-
tervals' associateavith training cross-subjectlassi ers. Assumingthaterrorson testex-
amplesarei.i.d. Bernoulli( ) distributed,the numberof obsened correctclassi cations
will follow aBinomial( ) distribution,where is the numberof testexamples.Tablel
displaysthelowestaccuracieshatarestatisticallysigni cant at the 95% con dencelevel,
wherethe expectedaccurag dueto chances 0.5.

Tablel: Thelowestaccuracieshataresigni cantly betterthanchanceatthe 95%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 considethe ROl Mappingmethodfor merging datafrom multiple subjects.Table
2 shownstheclassi eraccuracie$or the SentenceersusPicturestudy whentrainingacross
subjectsandtestingon the subjectwithheld from the training set. For comparisonit also
shaws (in parenthesedhe averageaccurag achiesed by classi erstrainedandtestedon

singlesubjects.All resultsarehighly signi cant comparedo the 50% accurag expected
by chancedemonstratingonvincingly the feasibility of training classi ersto distinguish
cognitive statesn subjectdeyondthetrainingset.In fact,theaccurag achievedontheleft

outsubjectfor themultiple-subjectlassi ersis oftenvery closeto theaverageaccurag of

thesingle-subjectlassi ers,andin severalcasest is signi cantly better This surprisingly
positive resultindicatesthatthe accurag of the multiple-subjectlassi er, whentestedon

new subjectoutsidethetrainingset,is comparabldo theaverageaccurag achievedwhen
training andtestingusingdatafrom a singlesubject.Presumablyhis canbe explainedby

thefactthatit is trainedusinganorderof magnitudemoretrainingexamplesfrom twelve

subjectgatherthanone. Theincreasdn training setsizeapparentlycompensatefor the
variability amongsubijects.

A secondrendapparenin Table?2 is thatthe accuraciesn SPor PSdatasetsarebetter
thantheaccuraciesvhenusingtheir union (SP+PS)Presumablyhisis dueto thefactthat
thecontext in which thestimulus(pictureor sentencegppearss moreconsistentvhenwe
restrictto datain which thesestimuli arepresentedn the samesequence.

lUndercrossvalidationwelearn classi®ersandtheaccurag wereporteds themearaccurag
of theseclassi®ers.The sizeof the con®dencenterval we computeis the upperboundof the sizeof
thetruecon®denceénterval of the meanaccurag, which canbeshavn usingthe Lagrangiarmethod.



Table2: Multiple-subjectaccuraciesn the SentenceversusPicturestudy (ROl mapping).
Numbersin parenthesisirethe correspondingverageaccuracie®f single-subjectlassi-

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 88.79%(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) INN 91.5%(94.4%) 83.8%(82.5%) 66.0%(71.2%)
ActiveAvg(20) 3NN 93.19%(95.4%) 86.2%(83.7%) 71.5%(73.2%)
ActiveAvg(20) 5NN 93.896(95.0%) 87.5%(86.2%) 72.0%(73.2%)

Table 3: Multiple-subjectaccuraciesn the SyntacticAmbiguity study (ROl mapping).
Numbersn parenthesiarethecorrespondingneanaccuraciesf single-subjectlassi ers.
To choose in ActiveAvg( ), we exploredall evennumberdessthan50, andreportedthe
best.

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

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

Classi er accuraciedor the SyntacticAmbiguity studyareshowvn in Table3. Note accu-
raciesabove 59.7%are signi cantly betterthanchance. The accuraciedor both single-
subjectandmultiple-subjectlassi ersarelowerthanin the rst study perhapgiuein part
to the smallernumberof subjectsandtrainingexamples.Althoughwe cannotdraw strong
conclusiongrom theresultsof this study it providesmodestadditionalsupportfor thefea-
sibility of trainingmultiple-subjectlassi ersusingROI mapping.Notethataccuracie®f
themultiple-subjectlassi ersareagaincomparabldo thoseof singlesubjectclassi ers.

5.2 Talairach Coordinates

Next we explorethe Talairachcoordinatesnethodfor memging datafrom multiple subjects.
Herewe considerthe SyntacticAmbiguity studyonly?. Noteonedif culty in utilizing the
Talairachtransformatiorhereis thatslightly differentregionsof the brainwerescannedor
differentsubjects Figurel shavsthe portionsof thebrainthatwerescannedor two of the
subjectsalongwith the intersectionof theseregionsfrom all ve subjects.In combining
datafrom multiple subjectswe usedonly thedatain this intersection.

2\We experiencedtechnicaldif®culties in applying the Talairachtransformationsoftware to the
SentenceersusPicturestudy(see[3] for details).



Subjectl Subject2 Intersectingall subjects

Figurel: Thetwo leftmostpanelsshow in color the scannedortion of the brainfor two
subjects(SyntacticAmbiguity study)in Talairachspacein sagittalview. The rightmost
panelshowvstheintersectiorof thesescannedandsacrossall ve subjects.

The results of training multiple-subjectclassi ers basedon the Talairach coordinates
methodareshown in Table4. Notice the resultsarecomparabldo thoseachiesed by the

earlierROI Mappingmethodin Table3. Basedon theseresults,we cannotstatethatone

of thesemethodss signi cantly moreaccuratehanthe other Whenusingthe Talairach
methodwe foundthe mosteffective featureabstractiorapproactwastheActive( ) feature
selectionapproachwhich choosedhe mostactive voxels from acrossthe brain. Note

thatit is not possibleto usethis featureselectionapproachwith the ROl Mappingmethod,
becausedhe individual voxels from differentbrainscan only be alignedafter performing

the Talairachtransformation.

Table4: Multiple-subjectaccuraciesn the SyntacticAmbiguity study (Talairachcoordi-
nates).Numbersin parenthesiarethe meanaccuracie®f single-subjectlassi ers. For
in Active( ), we exploredall evennumberdessthan200,reportingthe best.

METHOD CLASSIFIER  ACCURACY

Active( ) GNB 63.0%(72.0%)
Active( ) SVM 67.0%(71.0%)
Active( ) INN 60.0%(64.0%)
Active( ) 3NN 60.0%(69.0%)
Active( ) 5NN 62.0%(69.0%)

6 Summary and Conclusions

The primary goal of this researchwasto determinewhetherit is feasibleto usemachine
learningmethodgo decodementalstatesacrosanultiple humansubjects.The successful
resultsfor two casestudiesindicatethatthis is indeedfeasible.

Two methodswereexploredto train multiple-subjectlassi ersbasedon fMRI data. ROl
mappingabstract§MRI databy usingthe meanfMRI activity in eachof seseralanatom-
ically de ned ROIs to mapdifferentbrainsin termsof ROIs. The transformatiorto Ta-
lairachcoordinatesnorphsbrainsinto a standarccoordinateframe, retainingthe approx-
imate spatialresolutionof the original data. Using theseapproachesit was possibleto
train classi ersto distinguish.e.g.,whetherthe subjectwasviewing apictureor asentence
describinga picture, andto apply thesesuccessfullyto subjectsoutsidethe training set.
In mary casesthe classi cationaccuray for subjectsoutsidethetraining setequalledor



exceededhe accurag achieved by training on datafrom just the single subject. The re-
sultsusingthe two methodsshaved no statisticallysigni cant differencein the Syntactic
Ambiguity study

It isimportantto notethatwhile ourempiricalresultsdemonstratéheability to successfully
distinguishamonga prede nedsetof statesoccurringat speci ¢ timeswhile the subject
performsspeci c tasksthey do notyetdemonstrat¢hattrainedclassi erscanreliably de-

tectcognitive statesoccurringat arbitrarytimeswhile the subjectperformsarbitrarytasks.
We intendto pursuethis moregeneralgoalin futurework. We foreseemary opportunities
for future machinelearningresearchn this area.For example,we planto next learnmod-

els of temporalbehaior, in contrastto the work reportedherewhich considersonly data
at a singletime interval. MachinelearningmethodssuchasHiddenMarkov Modelsand

Dynamic BayesianNetworks appearelevant. A secondresearctdirectionis to develop

learningmethodshattake advantageof datafrom multiple studiesjn contrasto thesingle

studyefforts describechere.
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