
Feature Dete
tion in fMRI Data: The InformationBottlene
k Approa
hBertrand Thirion, Olivier FaugerasOdyss�ee Laboratory (ENPC-Cermi
s/ENS-Ulm/INRIA)Abstra
t Clustering is a well-known te
hnique for the analysis of fMRIdata, whose main advantage is 
ertainly 
exibility: given a metri
 on thedataset, it de�nes the main features 
ontained in the data. But intrinsi
to this approa
h are also the problem of de�ning 
orre
tly the quantizationa

ura
y, and the number of 
lusters ne
essary to des
ribe the data. TheInformation Bottlene
k (IB) approa
h to ve
tor quantization, proposed byBialek and Tishby, addresses these diÆ
ulties: 1) it deals with an expli
ittradeo� between quantization and data �delity; 2) it does so during the
lustering pro
edure and not post ho
; 3) it takes into a

ount the statisti
aldistribution of the features within the feature spa
e and not only theirmost likely value; last, it is prin
ipled through an information theoreti
formulation, whi
h is relevant in many situations. In this paper, we presenthow to bene�t from this method to analyze fMRI data. Our appli
ationis the 
lustering of voxels a

ording to the magnitude of their responses toseveral experimental 
onditions. The IB quantization provides a 
onsistentrepresentation of the data, allowing for an easy interpretation.1 Introdu
tionFun
tional Magneti
 Resonan
e Imaging (fMRI) of blood oxygen level-dependent (BOLD) 
ontrast is a 
ommon tool for the lo
alization of brain pro-
esses asso
iated with any kinds of psy
hologi
al tasks. It is in fa
t an indire
tmeasure of the latter, based on brain oxygenation. Moreover, many 
onfoundsare known to be present in fMRI data (subje
t movements, respiratory and heartartifa
ts, temperature drift, ma
hine noise), making the analysis of su
h data a
hallenging task. Commonly used methods belong to one of the following families:i) hypotheses-based te
hniques (e.g. [6℄), whi
h parametri
ally �t a prior modelto the data through analysis of varian
e or 
orrelation and ii) exploratory te
h-niques, that give an a

ount of the data 
ontent with little prior knowledge, likePrin
ipal Components Analysis (PCA), Independent Components Analysis (ICA)or 
lustering.In this paper, we des
ribe another use of 
lustering whi
h is based upon there
ognition of stru
tures present in the data, after some prepro
essing. A
tually,
lustering analysis (C-means algorithm [1℄ , fuzzy C-means [2℄, [4℄, dynami
al 
lus-ter analysis [3℄, deterministi
 annealing [12℄) has been essentially used in fMRI dataanalysis to give a simpli�ed a

ount of the data by gathering voxels whi
h havesimilar time 
ourses. This similarity 
an be measured by the Eu
lidean distan
e inthe signal spa
e of origin [12℄ or another distan
e based on 
ross 
orrelation [5℄, or aMahalanobis metri
 [7℄. These methods are eÆ
ient [2℄ and 
an isolate interestingpatterns in the data, but they su�er from several limitations



{ The 
hoi
e of a 
orre
t metri
 is not obvious; an Eu
lidean metri
 
an representa suboptimal 
hoi
e [8℄.{ Clustering algorithms 
an spend a lot of e�orts trying to isolate patterns of nointerest; this is due to the absen
e of prior information.{ The quality of 
lustering results is diÆ
ult to assess. To solve these problems,authors have proposed some heuristi
s [5℄ [9℄, but these are not ne
essarily opti-mal; moreover they are used after 
onvergen
e of the algorithms, or sometimesyield 
omplex multistage strategies [4℄.{ This point is related to the problem of the sele
tion of the number of 
lusters [5℄:It is intuitively 
lear that the 
hoi
e of a given number of 
lusters 
orrespondsto a 
ertain bias/varian
e tradeo�, but this tradeo� is usually impli
it.These problems motivate the introdu
tion of a new 
lustering method by Bialeket al. [11℄, namely the Information Bottlene
k (IB) method. This method performsa kind of fuzzy quantization of the data, but by minimizing a fun
tion that expli
itlybalan
es quantization eÆ
ien
y and data �delity. Here we try to preserve theestimated voxel-based response to the experimental stimuli, given the un
ertaintyof these responses measured by a dispersion matrix.The paper is organized as follows: in se
tion 2, we present how to build a lowdimensional feature spa
e from fMRI datasets. Then we show how to quantify itwith the IB formulation . We illustrate and validate the method on a syntheti
example in se
tion 3, and present results on a real dataset. Last, we dis
uss thelimitations of the method and possible extensions in se
tion 4.2 MethodsfMRI Data Analysis: Let us denote Y a fMRI dataset, 
onsidered as an N � Tmatrix, whereN is the number of voxels in the dataset, and T the length of the timeseries. Yn(t) is thus the signal at voxel n and time t. We assume that the subje
tundergoes di�erent 
onditions of a given experimental paradigm. We model thee�e
ts of interest in the experiment as temporal regressorsG = (gr(t)); r = 1::R; t =1::T . For instan
e, the temporal regressors may in
lude the time 
ourses of theexperimental 
onditions 
onvolved with a hemodynami
 �lter (hrf) and potential
onfounding signals (motion estimates, 
onstant, low frequen
y signals).As in [6℄ we 
ompute the proje
tion of the data in the spa
e spanned by theregressors (gr; r = 1::R): Yn(t) = RXr=1 
r(n)gr(t) + �n(t); (1)for t = 1::T and n = 1::N , where 
(n) = (
r(n))r=1::R is the proje
tion of Yn ontothe rows of G. 
(n) is obtained in a least-square sense, together with the dispersionmatrix: 
̂(n) = (GGT )�1GY Tn (2)�
(n) = (GGT )�1 PTt=1 �n(t)2T � rank(G) (3)



Sin
e some of the regressors are potentially of no interest (they are used only forestimation improvement purposes), we only 
onsider (
r(n); r = 1::S � R) and the
orresponding redu
ed dispersion matrix, whi
h we still note �
(n).Next we propose to study the estimates of 
(n) as a feature spa
e through 
lus-tering/ve
tor quantization, taking into a

ount the un
ertainty in the estimationof the response, (�
(n)).Data Quantization within the Information Bottlene
k Framework: The IB method,des
ribed in [11℄, addresses the following problem: Given a dis
rete dataset X (theset of voxels, isomorphi
 to [1; ::; N ℄), a spa
e of interest � (the set of possible valuesfor 
), and the 
onditional probability densities (pdf), here the normal densitiesp(� jX = n) = N (
̂(n); �
(n)) (4)�nd the fuzzy 
lusters ~X that maximize 
ompression while retaining most of theinformation on p(� jX). In mathemati
al terms this leads to the minimization ofthe quantity I(X; ~X)� �I( ~X;� ) (5)with respe
t to ~X , where I(X; ~X) is the mutual information between the datasetand its 
ompressed representation, I( ~X;� ) is the mutual information between the
ompressed representation and the variable of interest, and � a positive s
alar. Theminimization of I(X; ~X) yields 
ompression of the original data X into ~X , whilethe maximization of I( ~X;� ) implies that the 
ompressed data must preserve asmu
h information as possible on � . The problem, when stated in this manner, hasbeen shown to have a formal solution: Givenp(
j~x) = 1p(~x)Xx p(
jx)p(~xjx)p(x); (6)Z(x; �) =X~x p(~x) exp ��X
 p(
jx) log p(
jx)p(
j~x)! ; (7)in terms of p(~xjx), the solution satis�es the equationp(~xjx) = p(~x)Z(x; �) exp ��X
 p(
jx) log p(
jx)p(
j~x)! (8)P
 p(
jx) log p(
jx)p(
j~x) is nothing but the Kullba
k-Leibler divergen
e between the twopdfs p(
jx) and p(
j~x), whi
h we write hen
eforth as d(x; ~x). Equation (7) rewritesZ(x; �) =X~x p(~x) exp (��d(x; ~x)) (9)This problem does not have a 
losed form solution. Nevertheless, the followingresult holds: Equation (8) is satis�ed at the minima of the fun
tionalF(p(~xjx); p(~x); p(
j~x)) = �hlogZ(x; �)ip(x) = I(X; ~X) + � hd(x; ~x)ip(x;~x) (10)where hS(a)ip(a) stands for the expe
tation of the quantity S for the probability lawp. The minimization 
an be done independently over the sets of the normalized



distributions p(~x), p(~xjx) and p(
j~x) by the 
onverging alternating iterations (tbeing here the iteration step):pt(~xjx) = pt(~x)Zt(x; �)exp(��:d(x; ~x)) (11)pt+1(~x) =Xx p(x)pt(~xjx) (12)pt+1(
j~x) =Xx p(
jx)pt(xj~x) (13)The above algorithm provides a solution whi
h may be suboptimal (in fa
ta lo
al minimum of F , exa
tly as any EM algorithm). An ex
essive number of
lusters are generated randomly at the beginning; the IB algorithm (eq. (11), (12),(13)) is applied to the data until 
onvergen
e (typi
ally a few hundred iterations);we then use the �nal probability laws p(~xjn) for a hard 
lustering of the data(
l(n) = argmax~x p(~xjn)); the �nal number of 
lusters is given by the ones whoseprobability has not 
an
eled during the iterations (i.e. f~x=9n=~x = 
l(n)g). Thenumber of remaining 
lusters is thus provided by the algorithm and depends highlyon the 
hoi
e of �, whose interpretation as a s
ale parameter is obvious.In pra
ti
e, the use of a �nite grid for the sampling of the pdfs is important.From our experiments, it seems that the grid pre
ision does not have mu
h im-portan
e on the �nal result, as long as it is not 
oarser than the intrinsi
 datadispersion.3 Experimental ResultsSyntheti
 data: We have 
reated a syntheti
 dataset by simulating one sli
e offMRI data 
ontaining N = 1963 voxels. 3 small fo
i of 21 voxels are 
reatedand an independent gaussian noise is added to all voxels, so that the SNR is0.5 in the a
tivated areas. The length of the series is T = 200; the simulatedparadigm 
omprises two 
onditions (see �gure 1(a)); the simulated time 
ourses,and spatial maps are presented in �gure 1(b), (
). The data has been smoothedspatially as 
ommonly done for fMRI. Through equations (2) (3), we obtain a S = 2dimensional feature-spa
e. We have displayed the estimated feature at ea
h voxelin �gure 1(d). Then, we have dis
retized the feature spa
e on a (20� 20) grid andanalyzed it with the IB method. To study the dependen
e of the number k of �nal
lusters on �, we present the 
luster hierar
hy, indexed by �, in �gure 1 (e).Figure 1 (e) shows that the 4 
lusters 
on�guration is the main non-trivial one.The asso
iated p.d.f. p(
j~x) ( �gure 1(f)) 
on�rms the pertinen
e of this model.For 
omparison, we have applied a fuzzy-C-Means algorithm with 4 
lusters on thesame feature spa
e, with 104 independent random initializations. In no 
ase didwe obtain the results des
ribed in �gure 1. This may be attributable to the smallnumber of a
tivated voxels, and to the inadequate 
hoi
e of the Eu
lidean metri
.Real data: The data is taken from an experiment published in [10℄. The presentanalysis is redu
ed to one subje
t performing the following experiment (
alledfMRI2 in [10℄): A visual stimulation is performed, with 4 
onditions: Heading,dimming stati
, dimming 
ow, and baseline. The Heading 
ondition means thatthe subje
t views a ground plane opti
 
ow pattern that simulates self-motion;
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(f)Figure 1. (a) Simulated experimental paradigm (two 
onditions, alternating blo
k designwith resting periods). (b) Syntheti
 a
tivations time 
ourses. The three patterns areobtained by 
onvolving the 
anoni
al hrf with three di�erent linear 
ombination of thestimuli time 
ourses. (
) Spatial layout of the a
tivations simulated in the experiment.The 
olors are those of the time 
ourse. (d) Estimated features at ea
h voxel 
̂(n) =(
̂1(n); 
̂2(n)) (the dispersion is not represented). (e) Cluster hierar
hy obtained by lettingthe s
ale parameter � vary. Clusters appear by su

essive bifur
ations or splittings.The terms a
tivation 
lusters and ba
kground 
lusters refer to post ho
 interpretation.The 
on�guration with 4 
lusters is stable over a large s
ale interval; we refer to this
on�guration in the remainder of the se
tion. The asso
iated spatial map 
l(n) (notshown) is identi
al to the original a
tivation map displayed in (
). (f) Probability densityfun
tions asso
iated with the four 
lusters p(
j~x). Note that they 
orrespond readily tothe main mode and the three \arms" of the feature distribution 
learly visible in �gure(d). Their 
olor mat
h with the 
olor of �gures (b) and (
).



dimming stati
 is a 
ontrol task where no self-motion is simulated, but a part ofthe stimulus display is slightly dimmed, and dimming 
ow is another 
ontrol 
on-dition spe
ially designed to disentangle spatial and featural attention through thedimming of the ground plane 
ow.Details about the data are available in [10℄. Let us only noti
e that the numberof s
ans is T = 720 s
ans, and that the number of voxels 
onsidered here is N =30094. We derive a 3 dimensional feature-spa
e (
1; 
2; 
3), whi
h is dis
retized on a�nite (13� 13� 13) grid. The hierar
hy of 
lusters obtained with the IB algorithmis des
ribed in �gure 2 (d). We 
on
entrate only on the three 
lusters that aresigni�
antly far from 0: one of them shows negative patterns, and the other twopresent positive responses, one 
luster having higher s
ores. The 
luster maps aregiven in �gure 2 (a), together with spatial maps of the 
ontrasts of interest heading-dimming stati
 (b) and heading-dimming 
ow (
) obtained from the standard SPMpro
edure. The average feature per 
luster is displayed in �gure 2 (e).The results obtained here are 
onsistent with those obtained with standardStatisti
al Maps: the green 
luster 
orresponds broadly to the negative part ofeither SPM map (in blue), while the red and blue 
lusters 
orrespond more tothe positive patterns, with the red 
luster 
orresponding to the maxima of thea
tivation maps; nevertheless, the interpretation of the two latter 
lusters in termsof 
ontrasts is more subtle, as 
an be seen in �gure 2(e), the 
ontrast heading-dimming 
ow being positive for only the blue 
luster. The relative de
rease of the
ontrast amplitude between the two SPM maps has been des
ribed in [10℄; our
lustering method makes it 
learer by distinguishing between two patterns. Last,the existen
e of negative signals had not been reported in [10℄; we do not have otherinterpretation for them than the 
ompetition between di�erent 
ognitive tasks.4 Dis
ussionOur method is based on the spe
i�
ation of the feature spa
e made prior to dataanalysis. This is a di�eren
e with respe
t to 
urrent exploratory methods usedfor fMRI datasets (independent 
omponents analysis, 
lustering). The rationalefor that 
hoi
e is that the whole signal is not interesting to the experimenter,but only parts of it that 
ontain relevant information, i.e. essentially 
onsistentlytask-related responses. It is thus dependent on the 
orre
t spe
i�
ation of thespa
e of interest; but in the blo
 experiments 
onsidered here, at least a very goodapproximation to the a
tual response 
an be 
omputed a priori using a standardhemodynami
 response fun
tion (hrf).In spite of the simpli
ity of the simulated dataset, it appeared that a fuzzyC-means method does not yield the intuitively 
orre
t 4 
lusters solution that 
or-responds a
tually to the generative pro
ess of the dataset. Here the IB performs
learly better; moreover, it gives a truly hierar
hi
al representation of the dataindexed by � and takes into a

ount the dispersion of the estimators. On the otherhand, the implementation of the method implies the use of a dis
retized pdf of thefeature ve
tor for ea
h voxel; this 
an be done only within low dimensional fea-ture spa
es. We fa
e here the well-known 
urse of dimensionality whi
h standard
lustering te
hniques (C-means, fuzzy C-means) do not su�er from, or at least less
riti
ally. The 
omputational 
ost of the method is reasonable in our implementa-tion, in spite of the number of voxels 
onsidered, and the number of iterations that
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(d) (e)Figure 2. (a) 4 axial sli
es extra
ted from the spatial maps obtained with our 
lusteringmethod, (b) a SPM map of the test of the 
ontrast heading-dimming stati
, and (
) aSPM map of the test of the 
ontrast heading-dimming 
ow, both thresholded at thelevel jtj = 2:5. On the 
luster maps, the 
olors 
orrespond to those employed in �gure(e); on the SPM maps, positive a
tivations are represented in red-yellow, while negativeresponses are represented in blue. (d) Cluster hierar
hy obtained by letting the s
aleparameter � vary. The 
lusters appear by su

essive bifur
ations or splittings. The termspositive 
lusters and negative 
lusters refer to the post ho
 interpretation. We do notfurther study the \ba
kground" 
lusters. (e) Centers of the three 
lusters in the featurespa
e. Two of the 
lusters (red and blue) represent a positive signal, while the green onerepresents a negative signal. Interestingly, the 
ontrast \heading-dimming 
ow" is nullfor the red pattern while it is positive for the blue pattern.



are ne
essary for 
onvergen
e. For example, we need about one minute to pro
essthe real dataset.Future work involves the test on more realisti
 simulations, the use of analyti-
al approximations of Kullba
k-Leibler divergen
e between pdfs, e.g. with gaussianmixture models, the statisti
al inferen
e at the 
luster level, and multiple initializa-tions of the algorithm on pre-
lustered data in order to approa
h optimal solutions.Con
lusion: Clustering 
an be used for analyzing fMRI data beyond purely ex-ploratory analysis: it is also a tool to study the data stru
ture within a spe
i�edfeature spa
e. Among known 
lustering te
hniques, the Information Bottlene
kgives a prin
ipled way to handle the robustness/a

ura
y tradeo� -but does notsolve it- and gives a pra
ti
al solution to the sele
tion of the 
luster numbers. Ad-ditionally, it takes into a

ount the dispersion in the estimation of the feature data,whi
h is more realisti
 than what usual 
lustering pro
edures allow for.A
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