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Abstract

We propose a method that combines signals from many braionggbserved in functional Magnetic Res-
onance Imaging (fMRI) to predict the subject’s behavioriggia scanning session. Such predictions suffer
from the huge number of brain regions sampled on the voxdl@rstandard fMRI data sets: the curse of
dimensionality. Dimensionality reduction is thus needad,it is often performed using a univariate feature
selection procedure, that handles neither the spatialtsteiof the images, nor the multivariate nature of the
signal. By introducing a hierarchical clustering of theibnaolume that incorporates connectivity constraints,
we reduce the span of the possible spatial configurationsitagée tree of nested regions tailored to the sig-
nal. We then prune the tree in a supervised setting, henagathesupervised clusteringn order to extract

a parcellation (division of the volume) such that parceddzhsignal averages best predict the target informa-
tion. Dimensionality reduction is thus achievedflexature agglomerationand the constructed features now
provide a multi-scale representation of the signal. Comspas with reference methods on both simulated
and real data show that our approach yields higher predietiouracy than standard voxel-based approaches.
Moreover, the method infers an explicit weighting of theioeg involved in the regression or classification
task.

Keywords: fMR]brain reading, prediction, hierarchical clustering, ditaion reduction, multi-scale
analysis, feature agglomeration

1. Introduction can be particularly well suited for the investigation
of coding principles in the brain3]. Indeed cer-
tain neuronal populations activate specifically when

; ) ) a certain perceptual or cognitive parameter reaches a
encg such as those obtained with functional Mag- P P g P

ieR I ina (MR i ¢ Eiven value. Inferring the parameter from the neu-
netic kesonance 'maging ( ).'S arecentapproacy, activity and extracting thgpatial organization
in neuroimaging 1] that can provide more sensitive

vsis th tandard statistical i - of this coding helps talecodethe brain system.
analysis than standard statistical parametric mapping g, .;, decoding requires to define a prediction func-

proceduresd). Specifically, it can be used to a55€3J0n such as a classifier that relates the image data to

the involvement of some brain regions in certain COG: o jevant variables. Many methods have been tested

nitive, motor or perceptual functlons, by e_valuatln_gfor classification or regression of activation images
the accuracy of the prediction of a behavioral vari-

ble of int t (thea hen the classifier is i (Linear Discriminant Analysis, Support Vector Ma-
able of interest (théarge) when the classifier is in- Gines, Lasso, Elastic net regression and many oth-

. . : C
stantiated on these brain regions. Such an approag s), butin this problem the major bottleneck remains

the localization of predictive regions within the brain

Inferring behavior information or cognitive states
from brain activation imagesa(k.a. inverse infer-
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volume (see4] for a review). Selection of relevant K-means P0] or fuzzy clustering 21]. The opti-
regions,a.k.a.feature selection, is important both to mal number of clusters may be hard to fid®[22],
achieve accurate prediction (by alleviating the curseut probabilistic clustering provides a solutidif].

of dimensionality) and understand the spatial distriMoreover, as such spatial averages can lose the fine-
bution of the informative features]. In particu- grained information, which is crucial for an accurate
lar, when the number dieatures(voxels, regions) decoding of fMRI datal, 4, 24], different resolu-

is much larger £ 10°) than the numbers of samplestions of information should be allowe&3).

(images) & 102), the prediction methodverfitsthe In this article, we presentsupervised clustering
training set, and thus does not generalize well. Talgorithm, thatconsiders the target to be predicted
date, the most widely used method for feature seduring the clustering procedurand yields an adap-
lection is voxel-based Anova (Analysis of Variance),tive segmentation intdoth large regions and fine-
that evaluates each brain voxel independently. Thgrained information, and can thus be considered as
features that it selects can be redundant, and are noiulti-scale The proposed approach is a generaliza-
constrained by spatial information, so that they cartion of [26] usable with any type of prediction func-
be spread across all brain regions. Such maps atens, in both classification and regression settings.
difficult to interpret, especially compared to standardsupervised clustering presented in sectiop, and
brain mapping techniques such &tatistical Para- is illustrated in sectior3 on simulated data. In sec-
metric Mapd6]. Constructing spatially-informed pre-tion 4, we show on reafMRI data sets in regres-
dictive features gives access to meaningful maps ( sion and classification settings, that our method can
by constructing informative and anatomically coher+ecover the discriminative pattern embedded in an
ent regions T]) within the decoding framework of image while yielding higher prediction performance
inverse inference than previous approaches. Moreoweipervised clus-

A first solution is to introduce the spatial infor- teringappears to be a powerful approach for the chal-
mation within a voxel-based analysesg.by adding lenging generalization across subjects (inter-subject
region-based priors], by using a spatially-informed inverse inference
regularization 9] or by keeping only the neighbor-
ing voxels for the predictive model, such as in they  Mmethods
searchlightapproach10]; however the latter approach
cannot handle long-range interactions in the informaPredictive linear model
tion coding. Let us introduce the following predictive linear

A more natural way for using the spatial infor- model for regression settings:
mation is calledeature agglomeratiorand consists
of replacing voxel-based signals by local averages y=Xw+b, (1)
(a.k.a. parcely[11, 12, 13, 14]. This is motivated
by the fact thafMRI signal has a strong spatial co-
herence due to the spatial extension of the underl
ing metabolic changes and of the neural cotig.[
There is a local redundancy of the predictive infor- ) : :
mation. Using these parcel-based averages of fM oxels) andb € R is called theintercept(or biay).

) nxp i : :
signals to fit thearget naturally reduces the number . he ma.lt”XX € R |sthe_: design m_atrl_x. Each row
of features (from~ 10° voxels to~ 102 parcels). is ap-dimensional sample.e., an activation map re-

These parcels can be created using only spatial jated to the observation. In the case of classification
formation, in a purely geometrical approadi®], or with a linear model, we have:

using atlases]7, 18]. In order to take into account y = signX w -+ b) )
both spatial information and functional data, cluster- ’

ing approaches have also been proposegl,spec- \herey € {—1,1}" and “sign” denotes the sign
tral clustering 4], Gaussian mixture modeld9],  function. The use of the intercept is fundamental in

2

wherey € R” represents the behavior variable and
w, b) are the parameters to be estimated on a train-
Ing set comprising: samples. A vectow € RP can

be seen as an imagejs the number of features (or
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practice as it allows the separating hyperplane to behere:

offseted from 0. However for the sake of simplicity T

. . . p=aXXy,'y

in the presentation of the method, we will from now { S = (O + aX,7X,)"! (8)
on consideb as an added coefficient in the vector o p T @Ap Ap

This is done by Concatenating a column filled with In order to have a full Bayesian framework and
1 to the matrixX. We noteX’ the signal in thg”  to avoid degenerate solutions, one can add classi-

voxel (featurey’. cal Gamma priors o ~ I'(a; o, a;) and A ~
F(A, )\1, )\2):
Parcels
We define aparcel P as a group of connected ‘ ey e _108Xp T2
voxels, gparcellation being a partition of the whole [(w; 21, 22) = 23’2 T(z1) ©)

set of features in a set phrcels
and the parameters update reads:

Viell,...,p|, 3kel,...,8] : vV € P*, (3)

{ 5\ __yt2M

1T pt2X0 10
A i n—y+2aq ( )
SUCh that « ZZi?(yi—Xp,iﬂ)z"‘QQZ )

V(k,k) €[l,..., 0P stk # K, P"NPY =0 (4)  \wherey — St 322, ands; are the eigenvalues of
X, X,. Inthe experiments detailed in this article,
we choose\; = A\, = a; = ay = 1075, i.e. weakly
I%nformative priors.

BRRis solved using an iterative algorithm that
maximizes théog likelihood starting witha = ﬁ(yt)

and A\ = 1, we iteratively evaluate; and 3 using

whered is the number of parcels arfef the k" par-
cel. Theparcel-based signaX,, is the average signal
of all voxels within each parcel (other representatio
can be considereas.g. median values of each par-
cel), and the:*" row of X, is notedX,*:

L j Eg. @), and use these values to estimate) and
k ZJIWGP’“ X : ;
Xp' = ——F——— (5) &, using Eq. 10). The convergence of the algorithm
Pk is monitored by the updates @f, and the algorithm
wherep, is the number of voxels in the parcgf. is stopped if|w,y1 — wl|' < 107°, wherew, and

w1 are the values o& in two consecutive steps.
Bayesian Ridge Regression . '
We now detaiBayesian Ridge Regression (BRR)Y-1- Supervised clustering

which is the predictive linear model used for regres- In this section, we detail an original contribu-
sion in this article, and we give implementation de-tion, calledsupervised clusteringwhich addresses
tails on parcel-based averag€s. BRRis based on the limitations of theunsupervised feature agglom-
the following Gaussian assumption: eration approaches. The flowchart of the proposed
approach is given in Fidl.
. We first construct a hierarchical subdivision of

Py Xp, w,a) = HN(Z/Z"XPJW’O‘ ) (6) the search domain using Ward hierarchical cluster-

= ing algorithm P7]. The resulting nested parcel sets

We assume that the noises Gaussian with precision constructed from the functional data is isomorphic
« (inverse of the variance)g. p(e|a) = N (0, 'I,,). toatree. By construction, there is a one-to-one map-
For regularizationpurpose,.e. by constraining the Ping between cuts of this tree and parcellations of the
values of the weights to be small, one can add a Gaudomain. Given a parcellation, the signal can be rep-
sian prior onw, i.e. p(w|\) = N(w|0, A\7'1},), that resented by parcel-based averages, thus providing a

i=N

leads to: low dimensional representation of the data.(fea-
ture agglomeration The method proposed in this
p(wW|Xp, v, 0, A) x N(wp, X) (7) contribution is a greedy approach that optimizes the
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cutin order to maximize the prediction accuracy based
on the parcel-based averages. By doing so, a par-
cellation of the domain is estimated in a supervised
learning setting, hence the narsepervised cluster-
ing. We now detail the different steps of the proce-
dure.

EEEE.-..-0000

[ Unsupervised cut |

<N
[
(EEN NN

Ll

Supervised cut

Figure 2: Top-Down step (Pruning of the treestep2.1.2 In

2.1.1. Bottom-Up step: hierarchical clustering

theunsupervised cudpproach, (left) Ward'’s tree is divided into

In the first step, we ignore the target information6 parcels through a horizontal cut (blue). In gpervised cut
—i.e. the behavioral variable to be predicted — andPProach (right), by choosing the best cut (red) of the theeng

use ahierarchical agglomerative clusteringVe add
connectivity constraints to this algorithm (only adja-
cent clusters can be merged together) so that onl
spatially connectedlusters i.e. parcels are cre-
ated. This approach creates a hierarchy of parcels
represented as a trég (or dendrogram)48]. As

the resulting nested parcel sets is isomorphic to the
tree 7, we identify any tree cut with a given par-
cellation of the domain. The root of the tree is the
unique parcel that gathers all the voxels, the leaves
being the parcels with only one voxel. Any cut of the
tree into) sub-trees corresponds to a unique parcel-
lation P;s, through which the data can be reduced to
parcels-based averages. Among differeierarchi-

cal agglomerative clusteringwve use the variance-
minimizing approach of Ward algorithn27] in or-

der to ensure thgbarcel-basedaverages provide a
fair representation of the signal within each parcel.
At each step, we merge together the tparcelsso

that the resulting parcellation minimizes the sum of
squared differences within gharcels(inertia crite-
rion).

2.1.2. Top-Down step: pruning of the trge

We now detail how the tre& can be pruned to
create a reduced setpdrcellations Because the hi-
erarchical subdivision of the brain volume (by suc-
cessive inclusions) is naturally identified as a tree
T, choosing a parcellation adapted to the prediction
problem means optimizing a cut of the tree. Each

a score functiorg., we focus on some specific regions of the
tree that are more informative.

arcellation:

The first solution consists in using tiertia
criterion from Ward algorithm: the cut con-
sists in a subdivision of the Ward'’s tree into its
A main branches. As this does not take into
account the target informatign we call itun-
supervised cut (UC)

The second solution consists in initializing the
cut at the highest level of the hierarchy and
then successively finding the new sub-tree cut
that maximizes a prediction sco¢e(e.g. ex-
plained variance, see Ef1) below), while us-

ing a prediction functiorF (e.g. Support Vec-

tor Machine R9)) instantiated with the parcels-
based signal averages at the current step. As in
a greedy approach, successive cuts iteratively
create a finer parcellation of the search vol-
ume, yielding the set of parcellatioRs, .., Pa.
More specifically, one parcel is split at each
step, where the choice of the split is driven
by the prediction problem. Afte¥ such steps

of exploration, the brain is divided intd+ 1
parcels. This procedure, calledpervised cut
(SC) is detailed in algorithni.

sub-tree created by the cut represents a region whogel.3. Model Selection step: optimal sub-tEe

average signal is used for prediction. As no optimal In both cases, a set of nested parcellations is pro-
solution is currently available to solve this problem,duced, and the optimal model among the available
we consider two approaches to perform such a cuduts still has to be chosen. We select the sub-Tree
(see Fig.2). In order to haveA parcels, these two that yields the optimal prediction scafe The corre-
methods start from the root of the trgg(one unique sponding optimal parcellation is then used to create
parcel for the whole brain), and iteratively refine theparcels on both training and test sets. A prediction

4
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Figure 1: Flowchart of theupervised clusteringpproachBottom-Up step (Ward clusteringptep2.1.1 the tre€7 is constructed
from the leaves (the voxels in the gray box) to the unique fioatthe full brain volume), following spatial connectivity cstnaints.
Top-Down step (Pruning of the treeptep2.1.2 the Ward’s tree is cut recursively into smaller sub-treesh one corresponding
to a parcellation, in order to maximize a prediction accyracModel selection step2.1.3 given the set of nested parcellations
obtained by the pruning step, we select the optimal sub7réee. the one that yields the optimal value for

function is thus trained and tested on these two s&.3. Computational considerations

of parcels to compute the prediction accuracy of the  Our algorithm can be used to search informative
framework. regions in very high-dimensional data, where other
L . , algorithms do not scale well. Indeed, the highest
2.2. Algorithmic considerations number of features considered by our approach,is
The pruning of the treeand themodel selection and we can use any given prediction funct_@mven
step are included in an internal cross-validation projf this function is not well-suited for high dimen-
cedure within the training set. However, this internakjonal data. The computational complexity of the
cross-validation scheme rises different issues. Firsproposedsupervised clusteringlgorithm depends thus
it is very time consuming to include the two stepson the complexity of the prediction functioR, and
within a complete internal cross-validation. A sec-gn the two cross-validation schem@&s andC,. At
ond, and more crucial issue, is that performing an inthe current iteratiod < [1, A],  + 1 possible fea-
ternal cross-validation over the two steps yields manyyres are considered in the regression model, and the
different sub-trees (one by fold). However, it is notregression function is fit(é + 1) times (in the case
easy to combine these different sub-trees in order tgf a leave-one-out cross-validation withsamples).
obtain an average sub-tree that can be used for prassuming the cost of fitting the prediction function
diction on the test seBD]. Moreover, the different r s O(5*) at stepd, the overall cost complexity of
optimal sub-trees are not constructed using all thehe procedure i) (nA®+®)). In generalA < p,
training set, and thus depend on the internal crosgmnd the cost remains affordable as long\as: 103,
validation scheme. Consequently, we choose an enyhich was the case in all our experiments. Higher
pirical, and potentially biased, heuristic that consistgalues forA might also be used, but the complexity
of using sequentially two separate cross-validatiogf = has to be lower.
schemeg”, and C; for the pruning of the treeand The benefits of parcellation come at a cost re-
themodel selectiostep. garding CPU time. On a subject of the dataset on
the prediction of size (with a non optimized Python
implementation though), with- 7.10* voxels, the
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construction of the tree raising CPU time27 sec-

refers to the predicted target, whekeis estimated

onds and the parcels definition raising CPU tidme ( from the training set. For regression analysis, the
tel(R) Xeon(R), 2.83GHz0 215 seconds. Neverthe- performance of the different models is evaluated us-
less, all this remains perfectly affordable for standardng ¢, the ratio of explained variance:

neuroimaging data analyzes.

Algorithm 1: Pseudo-code faupervised cut
Seta number of exploration steps, a score
function(, a prediction functio”, and two
cross-validation schemé&s andC,.

Let P; be the parcellation defined at the
current iterationy andX,,; the corresponding
parcel-basediverages.

Construct 7 using Ward algorithm.

Start from the root of the tred, i.e.

Po = {F,} has only one parcdh, that
contains all the voxels.

Pruning of the tree]

for § + 1to A do

foreach P, € Ps_, do

- Split P, — { P!, P} according td7 .

- SetPs; = {Ps_1\Pi} U{P!, P?}.

- Compute the corresponding

parcel-basedsignal averageX,; ;.

- Compute the cross-validated score

C.i(F) with the cross-validation

| scheme&’..

- Perform the split* that yields the highest

score(, ;«(F).

- Keep the corresponding parcellati®y

| and sub-tred.

Selection of the optimal sub-trge

for § +— 1to A do
- Compute the cross-validated score

(.5(F) with the cross-validation scheme
| C4, using the parcellatio®s.

Return the sAub-treég* and corresponding
parcellationP;-, that yields the highest score

Cs,é* (f)

2.4. Performance evaluation

C(yt yt) _ Var(y ) B Var(y - S’ )

’ var(y?) (11)

This is the amount of variability in the response that
can be explained by the model. A perfect prediction
yields¢ = 1, a constant prediction yields= 0). For
classification analysis, the performance of the differ-
ent models is evaluated using a standard classifica-
tion score denoted , defined as:

t
i i 05 U)
t yt) _ 1

nt

(12)

wheren! is the number of samples in the test set, and
0 is Kronecker’s delta.

2.5. Competing methods

In our experiments, theupervised clusterings
compared to different state of the art regularization
methods. For regression experiments:

e Elastic netregression3l], requires setting two
parameters\; (amount of/; norm regulariza-
tion) and \, (amount of/, norm regulariza-
tion). In our analyzes, an internal cross-validation
procedure on the training set is used to opti-
mize \; € {0.2X,0.1X,0.05),0.01)\}, where
A = | X"y |ls, andA; € {0.1,0.5,1.,10., 100.}.

e Support Vector Regressi¢8VR with a linear
kernel 9], which is the reference method in
neuroimaging. The regularization parameter
is optimized by cross-validation in the range of
1073 to 10 in multiplicative steps ot 0.

For classification settings:

e Sparse multinomial logistic regressi(@MLR
classification 82], that requires an optimiza-
tion similar toElastic Net(two parameters,

Our method is evaluated with a cross-validation and\y).

procedure that splits the available data into training

and validation sets. In the followingX!, y') are a
learning set, (X’ y’) a test set ang’ = f(X'Ww)

e Support Vector ClassificatiofsVQ, which is
optimized similarly asSVR
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All these methods are used afterAnovabased to zero. Thus, we havR C R. We simulate the
feature selection as this maximizes their performancsignal in the(i, j, k) voxel of thel*" image as:
Indeed, irrelevant features and redundant informa-
tion can decrease the accuracy of a predic8d. [ Xijaet ~N(0,1) (14)

This selection is performed on the training set, andhe resulting images are smoothed with a Gaussian
the optimal number of voxels is selected in the rang&ernel with a standard deviation dfoxels, to mimic

{50,100, 250,500} within a nested cross-validation. the correlation structure observed in real fMRI data.
We also check that increasing the range of voxel§he targety for thel*” image is simulated as:

(i.e. adding 2000 in the range of number of selected
voxels) does not increase the prediction accuracy on yi = Z Wi, kX j k1 T+ € (15)
our real datasets. The implementatiorEddistic net (i.j,k)ER

is based orcoordinate desceri34], while SVRand ande, ~ A(0,) is a Gaussian noise with standard
SVCare based on LibSVM3b]. Methods are used deviation~y >’ 0. We choosey in order to have a
from Pythonvia the Scikit-learnopen source pack- signal-to-noise (SNR) ratio df dB. The SNR s de-
age B6]. Prediction accuracies of the different meth-firleol here a0 times the log of the ratio between

ods are compared using a paired t-test. the norm of the signal and the norm of the added
noise. We create a training set o0 images, and
3. Simulated data then we validate 000 other images simulated ac-
3.1. Simulated one-dimensional data cording to Eq.14-15 We compare th_esupervised
) . . _ clusteringapproach with theunsupervised cluster-
We illustrate thesupervised clusteringn a sim- jnq and the two reference algorithniastic netand
ple simulated data set, where the informative feature§yr The two reference methods are optimized by
have a block structure: 4-fold cross-validation within the training set in the
range described below. We also compare the meth-
ods to asearchlightapproach 10] (radius of2 and
with e ~ A(0,1) andw is defined asv; ~ U425 for 3 vpxels, combined with &VRapproach (' = 1)),
20 < i < 30, w; ~ ULT for 50 < i < 60, and Whlgh has er.nerged.as a referen.ce appr_oach for.de-
w; = 0 elsewhere, wher&? is the uniform distribu- coding local fine-grained information within the brain.
tion betweeru andb. We h%vm — 200 features and _ Both supervised cuandunsupervised cualgo-
n = 150 images. Thesupervised cuts used with thms are used witih = 50, Bayesian Ridge Re-
A = 50, Bayesian Ridge Regression (BR®)pre- 9ression (BRR)as prediction funct|0n7-“', aqd opti-
diction function, and procedures, andC, are set mized with an internal 4-fold cross-validation.
to 4-fold cross-validation.

X ~N(0,1) andy = Xw + ¢ (13)

3.3. Results on one-dimensional simulated data

The results of theupervised clusteringlgorithm
are given in Fig3. On the top, we give the treg,
where the parcels found by tlsipervised cluster-
ing are represented by red squares, and the bottom
row are the input features. The features of interest
are represented by green dots. We note that the al-
tgorithm focuses the parcellation on two sub-regions,
while leaving other parts of the tree unsegmented.
The weights found by the prediction function based
5n the optimal parcellation (bottom) clearly outlines
the two simulated informative regions. The predicted
weights are normalized by the number of voxels in
each parcel.

7

3.2. Simulated neuroimaging data

The simulated data s&t consists im = 100 im-
ages (sizé2 x 12 x 12 voxels) with a set of four cubic
Regions of Interest (ROIS) (si2ex< 2 x 2). We callR
the support of the ROI4.€. the 32 resulting voxels
of interest). Each of the four ROIs has a fixed weigh
in{—0.5,0.5,—0.5,0.5}. We callw; ; , the weight of
the (i, 7, k) voxel. To simulate the spatial variability
between images (inter-subject variability, movemen
artifacts in intra-subject variability), we define a new
support of the ROIs, calle® such as, for each im-
age, half (randomly chosen) of the weightsare set
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3.4. Results on simulated neuroimaging data Tree - Supervised clustering

We compare different methods on the simulatec -
'NM!!"

data, see Figd. The predicted weights of the two - B

parcel-based approaches are normalized by the nut
ber of voxels in each parcel. Only trsipervised . .’
clustering(e) extracts the simulated discriminative

1.5¢

regions. Thainsupervised clusterin@) does not re- 1ok ' — Estimated weights
trieve the whole support of the weights, as the create 2 05 m — Ground tth
parcelsare constructed based only on the signal an 2 _‘;§ ”LJ

spatial information, and thus do not consider the tar ~ -1.0f

get to be predictecElastic net(h) only retrieves part % 50 100 150 200

Features

of the support of the weights, and yields an overly
sparse solution which is not easy to interpr8VR  Figure 3: lllustration of thesupervised clusteringlgorithm on
(g) approach yields weights in the primal space tha& simple simulated data set. The cut of the tree (top, redi line
depend on the smoothness of the images. The seardpeuses on the regions of interest (top, green dots), which a
light approach (c,d), which is a commonly used brairﬁ\;\'tsiJ trgg %iif::;n function to correctly weight the infaative
mapping techniques, shows here its limits: it does
not cope with the long range multivariate Structuré pm——m

of the weights, and yields very blurred informative e
maps, because this method naturally degrades de
resolution.

4. Experiments and results on real data

4.1. Details on real data (a) True (c) Searchlight  (d) Searchlight
] weights SVR¢ = 2) SVR ¢ = 3)

We apply the different methods to analyze ten

subjects from an fMRI dataset related to the stud=® == o0z 0z w01 1001

of the visual representation of objects in the brair| L

(see B7] for details). During the experiment, ten il EE A A

healthy volunteers viewed objects of two categorie——— ——— B

(each one of the two categories is used in half oL_/L_ /|l |l |l |

the subjects) with four different exemplars ineact| | || || | || | b

category. Each exemplar was presented at three dife) supervised (f) Unsupervised  (g) SVR (h) Elastic net

ferent sizes (yieldind 2 different experimental con-  clustering clustering  Cross-validated ~Cross-validated

ditions per subject). Each stimulus was presented
four times in each of the six sessions. We averageslgure 4: Comparisons of the weights given by the different
data from the four repetitions, resulting in a total ofprocedures (b-h) with the true weights (a). Only twper-

n = 72 images by subject (one image of each stimyised cutalgorithm (e) retrieves the regions of interest. For
ulus by session). Functional images were ac uirethe searchlight approach (c, f), the images show the exguain
y ) g g riance obtained using the voxels within a sphere centaned

on a 3-T MR system with eight-channel head coilgach voxel.

(Siemens Trio, Erlangen, Germany) as T2*-weighted

echo-planar image (EPI) volumes. Twenty transversperformed with the SPM5 softwdre In the GLM,
slices were obtained with a repetition time of 2s (ech¢he time course of each of the stimuli convolved
time, 30ms; flip angle70°; 2 x 2 x 2-mm voxels; Wwith a standard hemodynamic response function was
0.5-mm gap). Realignment, normalization to MNI modeled separately, while accounting for serial auto-
space, and General Linear Model (GLM) fit were

http:// www.fil.ion.ucl.ac.uk/spm/software/spm5
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correlation with an AR(1) model and removing low- gression experimen® 81 and0.79 with respectively
frequency drift terms with a high-pass filter with a\; = As = 0.01 and)\; = A\, = 1.).
cut-off of 128 s. In the present work we used the re-  Classification experiments:We evaluate the per-
sulting session-wise parameter estimate images. Albrmance on a second type of discrimination which
the analysis are performed on the whole brain volis object classification. In that case, we averaged the
ume. images for the three sizes and we are interested in

Regression experimentsThe four different ex- discriminating between individual object shapes. For
emplars in each of the two categories were pooledach of the two categories, this can be handled as a
leading to images labeled according to the 3 possiblelassification problem, where we aim at predicting
sizes of the object. By doing so, we are interestethe shape of an object corresponding to a new fMRI
in finding discriminative information to predict the scan. We perform two analyses corresponding to the
size of the presented object. This reduces to a regretsvo categories used, each one including five subjects.
sion problem, in which our goal is to predict a simple  In this experiment, theupervised clusteringnd
scalar factor (size or scale of the presented object).unsupervised clusteringre used withSVC (C' =

We perform an inter-subject regression analysi®.01) as prediction functionF. Such value ofC
on the sizes. This analysis relies on subject-specifigields a good regularization of the weights in the pro-
fixed-effects activations,e. for each condition, the posed approach, and the results are not too sensitive
six activation maps corresponding to the six session® this parameterc(.5% for C' = 10)
are averaged together. This yields a total of twelve
images per subject, one for each experimental condf-2. Results for the prediction of size
tion. The dimensions of the real data set@are 7 x The results of the inter-subjects analysis are given
10* andn = 120 (divided into three different sizes). in Tabl. Both parcel-based methods perform better
We evaluate the performance of the method by crosshan voxel-based reference methods. Parcels can be
validation (leave-one-subject-out). The parameterseen as an accurate method for compressing infor-
of the reference methods are optimized with a nesteahation without loss of prediction performance. Fig.
leave-one-subject-out cross-validation within the traif gives the weights found for theupervised cuthe
ing set, in the ranges given before. Téepervised two reference methods and the searchlight 2 with
clusteringandunsupervised clusterirgre used with C' = 1 and a radius of voxels), using the whole
Bayesian Ridge Regression (BR@}$ described in data set. As one can see, the proposed algorithm
section 3.3 in B8]) as prediction functionF. In- yields clustered loadings map, compared to the maps
ternally, aleave-one-subject-outross-validation is yielded by the voxel-based methods, which are very
used and we set the maximal number of parcels tsparse and difficult to represent. Compared to the
A = T75. The optimal number of parcels is thus se-searchlight, thesupervised clusteringreates more
lected between and75 by a nested cross-validation clusters that are also easier to interpret as they are
loop. well separated. Moreover, the proposed approach

A major asset oBRRis that it adapts the reg- yields a prediction accuracy for the whole brain anal-
ularization to the data at hand, and thus can copgsis, a contrario to the searchlight that only gives a
with the different dimensions of the problem: in thelocal measure of information.
first steps of thesupervised clusteringlgorithm, we The majority of informative parcel are located in
have more samples than features, and for the la#ite posterior part of the occipital cortex, most likely
steps, we have more features than samples. The tworresponding to primary visual cortex, with few ad-
hyperparameters that governed the gamma distribwlitional slightly more anterior parcels in posterior
tion of the regularization term of BRR are both setlateral occipital cortex. This is consistent with the
to 107¢ (the prior is weakly informative). We do previous findings37] where a gradient of sensitivity
not optimize these hyperparameters, due to compue size was observed across object selective lateral
tational considerations, but we check that with moreccipital ROls while the most accurate discrimina-
informative priors we obtain similar results in the re-tion of sizes is obtained in primary visual cortex.

9
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| Methods | mean{ | std¢ | max¢ | min¢ [ p-valto UC |

SVR 0.77 0.11 | 0.97 0.58 0.0817
Elastic net| 0.78 0.1 0.97 0.65 0.0992
UC-BRR | 0.83 0.08 | 0.97 0.73 =

SC-BRR | 0.82 0.08 | 0.93 0.7 0.8184

Table 1. Explained variancé for the different methods in
the Size prediction analysis The p-values are computed
using a paired t-test. Thensupervised cut (UChalgo-
rithm yields the best prediction accuracy (leave-one-ettbput
cross-validation). Theupervised cut (SGjelds similar results
asUC (the difference is not significant). The two voxel-based
approaches yield lower prediction accuracy than parce¢ta
approaches.

| Methods | means | stdx | maxx | mink | p-valto SC|

SVC 48.33 | 15.72 | 75.0 25.0 | 0.0063 **
SMLR 42.5 9.46 | 58.33 | 33.33 | 0.0008 **
UC-SvC| 65.0 8.98 75.0 50.0 0.1405
SC-SvC | 70.0 | 10.67 | 83.33 | 50.0 =
Methods | mean (stdy | mean (stdy | Mean nb. feat.
cat. 1 cat.2 (voxels/parcels
SVC 56.6(17.8) | 40.0(6.2) 415
SMLR 43.3(9.7) 41.6(9.1) 150
UC-SVC| 63.3(8.5) 68.3(9.7) 21
SC-SVC | 65(12.2) 75(5.2) 17

ten times less features than voxel-based approaches,
the prediction accuracies of parcel-based approaches
are higher. The lower performances}fCandSMLR

can be explained by the fact that voxel-based ap-
proaches can not deal with inter-subject variability,
especially in such cases where information can be
encoded in pattern of voxels that can vary spatially
across subjects.
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Table 2: Top — Classification performaneefor the different
methods in theDbject prediction analysis The p-values are
computed using a paired t-test. Thepervised cut (SCGI-
gorithm yields the best prediction accuracy (leave-origesai-
out cross-validation). Both parcels-based approachesigre
nificantly more accurate and more stable than voxel-based a] "<
proaches. Bottom — Details of the results for the two categor
and mean number of features (voxels or parcels) for therdiffe
ent methods. We can notice that parcels yield a good compres-

sion of information has with more than ten times less feaiure rig,,re 5:Results for prediction of sizélaps of weights found
parcel-based approaches yield higher prediction accuracy  py sypervised cythe two reference voxel-based methods and
the searchlight. The proposed algorithm creates very-inter
- pretable clusters, compared to the reference methodshvgic
4.3. Results for the predlctlon_ of shape ) _ related to the fact that they do not consider the spatiatstru
The results of the inter-subjects analysis are giveture of the image. Moreover, theipervised clusteringields

in Tab2. The supervised cutmethod outperforms similar maps asearchlight but also retrieves some additional
the other approaches. In particular, the classificafUsters.

tion score i21% higher than with voxel-basegVC

and27% higher than with voxel-base8EMLR Both ] )

parcel-based approaches are significantly more accg: DISCUSSION

rate and more stable than the voxel-based approaches. | this paper, we have presented a new method

The number of features used show the good compregsy enhancing the prediction of experimental vari-
sion of information performed by the parcels. Withpjes fromfMRI brain images. The proposed ap-
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proach constructgarcels(groups of connected vox- more constrained to yield spatially connected clus-
els) byfeature agglomeratiowithin the whole brain, ters. Note that it is important to define the parcel-
and allows to take into account both the spatial strudation on the training database to avoid data overfit.
ture and the multivariate information within the wholeThe sets of possible volume parcellations is then re-
brain. duced to a tree, and the problem reduces to finding
Given that an fMRI brain image has typicallp*  the optimal cut of the tree. We proposesaper-

to 10° voxels, it is perfectly reasonable to use inter-vised cutapproach that attempts to optimize the cut
mediate structures such as parcels for reducing theith respect to the prediction task. Although finding
dimensionality of the data. We also confirmed byan optimal solution is infeasible, we adopt a greedy
different experiments that parcels are a good way tetrategy that recursively finds the splits that most im-
tackle the spatial variability problem in inter-subjectsprove the prediction score. However, there is still no
studies. Thudeature agglomeratioims an accurate guarantee that the optimal cut might be reached with
approach for the challenging inter-subject generalthis strategy. Model selection is then performed a
ization of brain-reading[39, 4]. This can be ex- posteriori by considering the best generalizing par-
plained by the fact that consideripgrcelsallows to  cellation among the available models. Additionally,
localize functional activity across subjects and thusur method is tractable on real data and runs in a very
find a common support of neural codes of interesteasonable of time (a few minutes without specific
(see Fig.6). On the contrary, voxel-based methodsoptimization).

suffer from the inter-subject spatial variability and  Interms ofprediction accuracythe proposed meth-

their performances are relatively lower. ods yield better results for the inter-subjects study on
sobct 1 sobct sobct the different experimerjts, compared to state of the art
. y% p YQ P YQ approaches3VR Elastic nef SVCandSMLR. The
A SO O supervised cuyields similar or higher prediction ac-
‘QOPG\ ; OOPCIQ ' @053% ' curacy than theaunsupervised cut In the size pre-
: ' @ diction analysis, the information is probably coarser
7 e ' ' than in the object prediction analysis, and thus the
Voxels Voxels Voxels simple heuristic ofunsupervised cuyields a good
I I I I I I prediction accuracy. Indeed, the unsupervised clus-
parcels Parcels rcels tering still optimizes a cost function by selecting the
el e ol number of parcels that maximizes the prediction ac-

: _ . . _ curacy. Thus, in simple prediction task such as the
Figure 6: lllustration offeature agglomeratiorio cope with . . . . . .
inter-subject variability. The regions implied in the cdiye regression problem detailed in this article, this ap-
task are represented by disks of different colors. The popuProach allows to extract almost all the relevant in-
lations of active neurons are not exactly at the same pasitioformation. However, in the prediction of more fine-
across subjects (top), and the across subjects mean signal i grained information, such as in the classification task,
formative voxels (bottom) carries very weak informatiolis, 0y procedure does not provide a sufficient ex-
it is clear that, in this casejoxel-basediecoding approaches . . .
will perform poorly. However, the mean of informative vogel ploration of the different parcellations, and does not
within each region across subjects (bottom) carries mdee-in - €xtract all the relevant information. Contrariwise,
mation and should yield an accurate inter-subject premficti ~ the SC approach explores relevant parcellations us-

ing supervised information, and thus performs better
than UC.

Our approach entails the technical difficulty of | terms ofinterpretability, we have shown on
optimizing the parcellation with respect to the spasjmylations and real data that this approach has the
tial organization of the information within the im- particular capability to highlight regions of interest,
age. To break the combinatorial complexity of theyhile leaving uninformative regions unsegmented, and
problem, we have defined a recursive parcellation of can be viewed as a multi-scale segmentation scheme
the volume using Ward algorithm, which is further-(26] The proposed scheme is further useful to lo-
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cate contiguous predictive regions and to create in-
terpretable maps, and thus can be viewed as an in-
termediate approach between brain mapping and in[3
verse inference. Moreover, compared to a state of
the art approach for fine-grained decoding, namelys]
the searchlight, the proposed method yields similar
maps, but additionally, takes into account non-local
information and yields only one prediction score cor- [
responding to whole brain analysis. From a neuro-
scientific point of view, the proposed approach re-
trieves well-known resultg,e. that differences be- [6]
tween sizes (or between stimuli with different spatial
envelope in general) are most accurately represented
in the signals of early visual regions that have small [7]
and retinotopically laid-out receptive fields.

More generally, this approach is not restricted
to a given prediction function and can be used with
many different classification/regression methods. In-18
deed, by restricting the search of the best subset of
voxels to a tree pruning problem, our algorithm al-

contents of the human brain, Nature Neuroscience 8 (5)
(2005) 679-6851

] P. Dayan, L. F. Abbott, Theoretical Neuroscience: Com-

putational and Mathematical Modeling of Neural Sys-

tems, The MIT Press, 2001.

J.-D. Haynes, G. Rees, Decoding mental states from
brain activity in humans, Nature Reviews Neuroscience
7 (2006) 523-5342, 11

5] M. K. Carroll, G. A. Cecchi, I. Rish, R. Garg, A. R. Rao,

Prediction and interpretation of distributed neural ativ
with sparse models, Neurolmage 44 (1) (2009) 112 — 122.
2

K. Friston, A. Holmes, K. Worsley, J. Poline, C. Frith,
R. Frackowiak, Statistical parametric maps in functional
imaging: A general linear approach, Human Brain Map-
ping 2 (1995) 189-21®@

D. Cordes, V. M. Haughtou, J. D. Carew, K. Arfanakis,
K. Maravilla, Hierarchical clustering to measure connec-
tivity in fmri resting-state data, Magnetic resonance imag
ing 20 (4) (2002) 305-3172

] M. Palatucci, T. Mitchell, Classification in very high-di

mensional problems with handfuls of examples, in: Prin-
ciples and Practice of Knowledge Discovery in Databases
(ECML/PKDD), Springer-Verlag, 20072

lows us to guide the construction of the prediction [9] V. Michel, A. Gramfort, G. Varoquaux, B. Thirion, Total

function in a low-dimensional representation of a high-
dimensional dataset. Moreover, this method is not
restricted to brain images, and might be used in any
dataset where multi-scale structure is considered as
important (e.g. medical or satellite images). [10]
In conclusion, this paper proposes a method for
extracting information from brain images, that builds
relevant features bigature agglomeratiorather than [11)
simple selection. A particularly important property
of this approach is its ability to focus on relatively
small but informative regions while leaving vast but
uninformative areas unsegmented. Experimental re-
sults demonstrate that this algorithm performs wel}12]
for inter-subjects analysis where the accuracy of the
prediction is tested on new subjects. Indeed, the spa-
tial averaging of the signal induced by the parcella-[13]
tion appears as a powerful way to deal with inter-
subject variability.
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