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GLM: separate GLM: separate modelmodel fittingfitting forfor eacheach voxel voxel 

�������� massmass--univariateunivariate analysisanalysis!!
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Key idea behind pattern classificationKey idea behind pattern classification
� GLM analysis relies exclusively on the information contained in the time 

course of individual voxels

� When signal distributions for different experimental conditions show

large overlap, GLM unable to detect reliable differences

GLM GLM 

WhyWhy patternpattern classclass.?.?
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WhyWhy patternpattern classclass.?.?

Key idea behind pattern classificationKey idea behind pattern classification
� GLM analysis relies exclusively on the information contained in the time 

course of individual voxels

� When signal distributions for different experimental conditions show

large overlap, GLM unable to detect reliable differences

� Multivariate analyses take advantage of the information contained in 

activity patterns across multiple voxels

� Multivariate approaches can exploit sampling biases

Boynton (2005). Nat Neurosci



SPM Kurs HH 09/11
DecodingDecoding –– keykey questionsquestions

(c)  X-Y mapping temporal evolution (d)  X-Y mapping: subtle issues

Accuracy [%]

50 %

100 %

Intra-trial time

Accuracy rises 
above chance

Participant 
indicates decision

(a)  X-Y mapping overall reliability

80%

55%

Accuracy [%]

50 %

100 %

Classification task

Truth

or

lie?

Left or 

right 

button?

• functionally selective vs segregated representations

• degenerative (many-to-one) structure-function mappings

Healthy 

or 

diseased

?

(b)  X-Y mapping spatial deployment
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Wolbers et al. (2011)

Can the direction of auditory motion be decoded from fMRI 
signals in the human motion complex (hMT+)?

AUDITORY MOTION AUDITORY MOTION 

PERCEPTION IN THE BLINDPERCEPTION IN THE BLIND
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1. Acquire fMRI data

2. Preprocess fMRI data

3. Select relevant features 
(i.e. voxels)

Processing streamProcessing stream



SPM Kurs HH 09/11

1. Acquire fMRI data

2. Preprocess fMRI data
3. Select features

4. Label fMRI patterns 

according to whether the 
subject was hearing 

leftward or rightward 

motion (adjusting for 
hemodynamic lag)

Processing streamProcessing stream
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1. Acquire fMRI data

2. Preprocess fMRI data
3. Select features

4. Label fMRI patterns

5. Train a classifier to 
discriminate between 

leftward and rightward 

patterns  

Processing streamProcessing stream
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1. Acquire fMRI data

2. Preprocess fMRI data
3. Select features

4. Label fMRI patterns
5. Train the classifier

6. Apply the trained 

classifier to new fMRI 

patterns (not presented at 
training). 

Processing streamProcessing stream
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1. Acquire fMRI data

2. Preprocess fMRI data
3. Select features

4. Label fMRI patterns
5. Train the classifier

6. Apply the trained classifier 
to new fMRI patterns (not 

presented at training). 

7. Crossvalidation

Processing streamProcessing stream
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1. Acquire fMRI data

2. Preprocess fMRI data
3. Select features

4. Label fMRI patterns
5. Train the classifier

6. Apply the trained classifier 
to new fMRI patterns (not 

presented at training). 

7. Crossvalidation

8. Statistical inference

Processing streamProcessing stream
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TheThe problemproblem

�� fMRI fMRI datadata areare typicallytypically sparsesparse, , highhigh--dimensionaldimensional and and noisynoisy

�� ClassificationClassification isis sensitive to sensitive to informationinformation contentcontent in all voxelsin all voxels

�� manymany uninformative voxels = uninformative voxels = poorpoor classificationclassification ((i.ei.e. . duedue

to to overfittingoverfitting))
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Solution 1: Feature Solution 1: Feature selectionselection

�� selectselect subsetsubset withwith thethe mostmost informative informative 

featuresfeatures

�� original original featuresfeatures remainremain unchangedunchanged

Feature reductionFeature reduction
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‘‘ExternalExternal‘‘ SolutionsSolutions

�� AnatomicalAnatomical regionsregions of of interestinterest

�� Independent Independent functionalfunctional localizerlocalizer (i.e. retinotopic(i.e. retinotopic mappingmapping

to to identifyidentify earlyearly visualvisual areas)areas)

Solutions using the data to be classifiedSolutions using the data to be classified

�� Searchlight classification: define region of interest (i.e. Searchlight classification: define region of interest (i.e. 

sphere) and move it across the search volumesphere) and move it across the search volume

�� univariate tests, i.e. activationunivariate tests, i.e. activation vs. vs. baselinebaseline (t(t--Test), meanTest), mean

differencedifference betweenbetween conditionsconditions (ANOVA)(ANOVA)

�� recursive feature elimination (De Martino et al, 2008): recursive feature elimination (De Martino et al, 2008): 

eliminate voxels based on discriminative weights eliminate voxels based on discriminative weights 

Feature selectionFeature selection
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PeekingPeeking #1#1

�� testingtesting a a trainedtrained classifierclassifier needsneeds to to bebe performedperformed on on 

independentindependent test test datasetsdatasets

�� ifif entireentire datasetdataset isis usedused forfor featurefeature selectionselection, , ......

Feature selectionFeature selection
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�� if entire dataset is used for feature selection, training and teif entire dataset is used for feature selection, training and test data are no longer st data are no longer 

independent => overfitting, optimisation of decision function (pindependent => overfitting, optimisation of decision function (partially) based on artially) based on 

noise, classification accuracy become overly optimisticnoise, classification accuracy become overly optimistic

�� nested crossvalidationnested crossvalidation

ROI definition in inferior temporal cortex based ROI definition in inferior temporal cortex based 

on two sided ton two sided t--tests comparing conditionstests comparing conditions

Feature selectionFeature selection

Kriegeskorte et al. (2009) 

Nat Neurosci
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Solution 1: Feature Solution 1: Feature selectionselection

�� selectselect subsetsubset fromfrom all all availableavailable featuresfeatures

�� original original featuresfeatures remainremain unchangedunchanged

�� createcreate newnew featuresfeatures as a as a functionfunction of of 

existingexisting featuresfeatures

�� Linear Linear functionsfunctions (PCA,(PCA, ICA,ICA,……))

�� NonlinearNonlinear functionsfunctions duringduring

classificationclassification ((i.ei.e. . hiddenhidden unitsunits in a in a 

neuralneural networknetwork))

Solution 2: Feature Solution 2: Feature extractionextraction

Feature extractionFeature extraction
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ClassificationClassification

Discriminative classifiers, e.g. Logistic Regression, SVM:

• X – data; C - classes

• Assume some functional form for P(C|X), e.g.:

• Estimate parameters of P(C|X) directly from training data

Generative classifiers, e.g. Gaussian Naïve Bayes, LDA:

• Assume some functional form for P(X|C), P(C)
• Estimate parameters of class conditional probabilities 

P(X|C) (and priors P(C)) directly from training data
• Use Bayes rule to calculate P(C|X)

• Indirect computation of P(C|X) through Bayes rule

)exp(1

1
)/(

1

0 ∑
=

++

=
n

i

iiXww

XCP



SPM Kurs HH 09/11

voxel 1

voxel 2

volume in t1

volume in t2

volume in t4

volume in t3
2

4

trainingtraining datadata

volume in t25

independent independent 

test test datadata

hyperplanehyperplane

�� ourour tasktask: find a : find a hyperplanehyperplane thatthat separates separates bothboth conditionsconditions

ClassificationClassification

The Decoding problemThe Decoding problem
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voxel 1

voxel 2

volume in t1

volume in t2

volume in t4

volume in t3
2

4

bxwxwxwxfy nn ++++== ...)( 2211a linear decisiona linear decision functionfunction::

•• ifif y y << 0, 0, predictpredict rightwardrightward // // ifif y y >> 0, 0, predictpredict leftwardleftward

•• predictionprediction = = linearlinear functionfunction of of featuresfeatures

trainingtraining datadata

volume in t25

independent independent 

test test datadata

hyperplanehyperplane

ClassificationClassification

The Decoding problemThe Decoding problem
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�� Project data on a new axis that maximes the class separabilityProject data on a new axis that maximes the class separability

hyperplanehyperplane

�� Project data on a new axis that maximes the class separabilityProject data on a new axis that maximes the class separability

�� Hyperplane is orthogonal to the best projection axisHyperplane is orthogonal to the best projection axis

ClassificationClassification

Fisher Linear Fisher Linear DiscriminantDiscriminant (FLD)(FLD)
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Fisher Linear Fisher Linear DiscriminantDiscriminant (FLD)(FLD)

�� FLD classifies by projecting the training set on the axis that iFLD classifies by projecting the training set on the axis that is defined s defined 

by the difference between the center of mass for both classes, by the difference between the center of mass for both classes, 

corrected by the within class scattercorrected by the within class scatter

�� separation is separation is maximisedmaximised for:for:
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weight

vector w

voxel 1

voxel 2

volume in t1

volume in t2

volume in t4

volume in t3

volume in t25

hyperplanehyperplane

by += wx

orientation of the hyperplane defined by weight orientation of the hyperplane defined by weight 

vector w (normal vector with length 1)vector w (normal vector with length 1)

b: offset of the hyperplane from the origin along 

the weight vector 

ClassificationClassification

Fisher Linear Fisher Linear DiscriminantDiscriminant (FLD)(FLD)
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Support Vector Machine (SVM)

Which of the linear separators is the optimal one?

voxel 2

voxel 1

ClassificationClassification
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Support Vector Machine (SVM)

SVM = maximum 

margin classifier

m
argin

support vectors

voxel 2

voxel 1

Usually, classes have overlapping distributions: SVM’s account for 

misclassification errors by introducing additional slack variables

ClassificationClassification
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Situation 1: Situation 1: scansscans ↓↓, , featuresfeatures ↑↑ ((i.ei.e. . wholewhole brainbrain datadata))

�� FLD FLD unsuitableunsuitable: : dependsdepends on on reliablereliable estimationestimation of of covariancecovariance matrixmatrix

�� GNBGNB inferior to SVM and LR inferior to SVM and LR �� thethe latterlatter come come withwith regularisationregularisation thatthat

helphelp weighweigh down down thethe effectseffects of of noisynoisy and and highlyhighly correlatedcorrelated featuresfeatures

Cox & Savoy (2003). NeuroImage

ClassificationClassification

How to choose the right classifier?
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Situation 2: Situation 2: scansscans ↓↓, , featuresfeatures ↓↓ ((i.ei.e. . featurefeature selectionselection oror

featurefeature extractionextraction))

�� GNB, SVM and LR: GNB, SVM and LR: oftenoften similarsimilar performanceperformance

�� SVM SVM originallyoriginally designeddesigned forfor twotwo--classclass problemsproblems onlyonly

�� SVM SVM forfor multiclassmulticlass problemsproblems: multiple : multiple binarybinary

comparisonscomparisons, , votingvoting schemescheme to to identifyidentify classesclasses

�� accuracyaccuracy of SVM of SVM increasesincreases fasterfaster thanthan GNB GNB whenwhen thethe

numbernumber of of scansscans increaseincrease

�� seesee Mitchell et al. (2005) Mitchell et al. (2005) and Misaki et al. (2010) forand Misaki et al. (2010) for

furtherfurther comparisonscomparisons betweenbetween different different classifiersclassifiers

ClassificationClassification
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ClassificationClassification

• non-linear decision boundaries can adapt to the idiosyncrasies of 

the noise in the training data � overfitting, poor generalisation!  

• particularly problematic when number of data points is low and 

number of features is high

Misaki et al. (2010) 
NeuroImage
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PeekingPeeking #2#2

�� classifierclassifier performanceperformance = = unbiasedunbiased estimateestimate of of 

classificationclassification accuracyaccuracy

�� howhow well well wouldwould thethe classifierclassifier labellabel a a newnew exampleexample

randomlyrandomly drawndrawn fromfrom thethe samesame distributiondistribution??

�� testingtesting a a trainedtrained classifierclassifier needsneeds to to bebe performedperformed on a on a 

datasetdataset thethe classifierclassifier has has nevernever seenseen beforebefore

�� ifif entireentire datasetdataset isis usedused forfor trainingtraining a a classifierclassifier, , 

classificationclassification estimatesestimates becomebecome overlyoverly optimisticoptimistic

Solution: Solution: leaveleave--oneone--outout crossvalidationcrossvalidation

ClassificationClassification
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CrossvalidationCrossvalidation

�� standardstandard approachapproach: : leaveleave--oneone--outout

crossvalidationcrossvalidation

�� splitsplit datasetdataset intointo n n foldsfolds ((i.ei.e. . runsruns))

�� traintrain classifierclassifier on 1:non 1:n--1 1 foldsfolds

�� test test thethe trainedtrained classifierclassifier on on foldfold nn

�� rerunrerun trainingtraining//testingtesting whilewhile

withholdingwithholding a different a different foldfold

�� repeatrepeat procedureprocedure untiluntil eacheach foldfold has has 

beenbeen withheldwithheld onceonce

�� ClassificationClassification accuracyaccuracy usuallyusually

computedcomputed as as meanmean accuracyaccuracy

training set test set

ClassificationClassification
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Independent test Independent test datadata

�� ClassificationClassification accuracyaccuracy = = unbiasedunbiased estimateestimate of of thethe truetrue accuracyaccuracy

of of thethe classifierclassifier

�� QuestionQuestion: : whatwhat isis thethe probabilityprobability of of obtainingobtaining 57% 57% accuracyaccuracy

underunder thethe null null hypothesishypothesis (no (no informationinformation aboutabout thethe variable of variable of 

interestinterest in in mymy datadata)?)?

�� Binary classification: pBinary classification: p--valuevalue cancan bebe calculatedcalculated underunder a a binomialbinomial

distributiondistribution withwith nn (# of trials), p(# of trials), p (probability(probability of of success) and k success) and k 

((number of correctly number of correctly labeledlabeled examples)examples)

CanCan I I publishpublish mymy datadata withwith 57% 57% classificationclassification accuracyaccuracy in in 

Science Science oror Nature?Nature?

Evaluating resultsEvaluating results
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NonparametricNonparametric approachesapproaches

Permutation Permutation teststests ((i.ei.e. . PolynPolyn et al, 2005):et al, 2005):

�� createcreate a null a null distributiondistribution of of performanceperformance valuesvalues byby repeatedlyrepeatedly

generatinggenerating scrambledscrambled versionsversions of of thethe classifierclassifier outputoutput

�� MVPA: MVPA: waveletwavelet basedbased scramblingscrambling techniquetechnique ((BullmoreBullmore et al., 2004) et al., 2004) 

�� cancan accomodateaccomodate nonnon--independentindependent datadata

BootstrappingBootstrapping

�� estimateestimate thethe variancevariance and and distributiondistribution of a of a statisticstatistic ((i.ei.e. . 

classification accuracy) by data resampling with replacement classification accuracy) by data resampling with replacement 

Group inferenceGroup inference

�� (non(non--)parametric tests on classification accuracies, voxel )parametric tests on classification accuracies, voxel 

weights etc.weights etc.

Evaluating resultsEvaluating results
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Design Design considerationsconsiderations

�� acquireacquire as as manymany trainingtraining examplesexamples as as possiblepossible �� classifierclassifier needsneeds to to 

bebe ableable to to „„seesee throughthrough thethe noisenoise““

�� averagingaveraging consecutiveconsecutive TRTR‘‘ss cancan helphelp to to reducereduce thethe impactimpact of of noisenoise

((butbut maymay also also eliminateeliminate naturalnatural, informative , informative variation)variation)

�� avoidavoid usingusing consecutiveconsecutive scansscans forfor trainingtraining a a classifierclassifier �� lots of lots of 

highlyhighly similarsimilar datapointsdatapoints do do notnot givegive newnew informationinformation

�� acquireacquire as as manymany testtest examplesexamples as as possiblepossible �� increasesincreases thethe powerpower of of 

significancesignificance testtest

�� balancebalance conditionsconditions �� ifif notnot, , classifierclassifier maymay tendtend to to focusfocus on on 

predominantpredominant conditioncondition

�� alternative to averaging: use beta weights or talternative to averaging: use beta weights or t--images from a GLM images from a GLM 

analysis (i.e. based on FIR or HRF)analysis (i.e. based on FIR or HRF)

Getting resultsGetting results
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Getting resultsGetting results

Classification on t- vs. beta images

Misaki et al. (2010) 

NeuroImage

•• normalisation by standard error can downnormalisation by standard error can down--weight noisy voxels weight noisy voxels 

•• Linear Linear SVMsSVMs sensitive to scaling of the data sensitive to scaling of the data �� decision decision hyperplanehyperplane is not simply scaled is not simply scaled 

along with the data points but can reorient as it finds a new maalong with the data points but can reorient as it finds a new maximumximum--margin configurationmargin configuration

•• LDA and GNB take each LDA and GNB take each voxel'svoxel's response variance into account automatically via the response variance into account automatically via the 

diagonal entries of the covariance matrixdiagonal entries of the covariance matrix
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Further topics of interestFurther topics of interest

What you also might be interested in...What you also might be interested in...

�� how to use decoding to predict continuous variables (i.e. age, how to use decoding to predict continuous variables (i.e. age, 

disease severity, ratings etc.) disease severity, ratings etc.) –– relevance/support vector regression, relevance/support vector regression, 

relevance voxel machine (see Chu et al., 2011; Formisano et al.,relevance voxel machine (see Chu et al., 2011; Formisano et al.,

2008; Wang et al., 2010)2008; Wang et al., 2010)

�� fMRI adaptation vs. pattern classification => two approaches fMRI adaptation vs. pattern classification => two approaches 

assumed to providel subvoxel resolution (see Sapountzis et al., assumed to providel subvoxel resolution (see Sapountzis et al., 

2010, for a comparison in early visual areas)2010, for a comparison in early visual areas)

�� inferential limitations of decoding approach (vs. encoding modelinferential limitations of decoding approach (vs. encoding models, s, 

see Naseralis et al., 2011; Friston et al, 2008)see Naseralis et al., 2011; Friston et al, 2008)
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