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Abstract

We study a method of optimal data-driven aggregation ofsdiass in a
convex combination and establish tight upper bounds orxitess risk
with respect to a convex loss function under the assumptianthe so-
lution of optimal aggregation problem is sparse. We use afioptype
algorithm of optimal aggregation to develop aggregatesdiass of ac-
tivation patterns in fMRI based on locally trained SVM clisss. The
aggregation coefficients are then used to design a "boostayg’ of the
brain needed to identify the regions with most significarpéct on clas-
sification.

1 Introduction

We consider a problem of optimal aggregation (see [1]) ofitefizet of base classifiers in
a complex aggregate classifier. The aggregate classifiestudg are convex combinations
of base classifiers and we are using boosting type algorigsaggregation tools. Building
upon recent developments in learning theory, we show thet Boosting type aggregation
yields a classifier with a small value of excess risk in theeoaken optimal aggregate
classifiers are sparse and that, moreover, the proceduriglesaeasonably good estimates
of aggregation coefficients. Our primary goal is to use tlgipraach in the problem of
classification of activation patterns in functional Mago&esonance Imaging (fMRI) (see,
e.g., [2]).

Inthese problems itis of interest not only to classify thigras, but also to determine
areas of the brain that are relevant for a particular clasgifin task. Our approach is based



on splitting the image into a number of functional areasning base classifiers locally in
each area and then combining them into a complex aggregasifiér. The aggregation
coefficients are used to create a special representatidreafrtage we call th&oosting
map of the brain. It is needed to identify the functional areathwhe most significant
impact on classification.

Previous work has focused on classifying patterns withirjestt [2] and these pat-
terns were located in the occipital lobe. Here we are cornisige different problem, that
is widely distributed patterns in multiple brain regionsass groups of subjects. We use
prior knowledge from functional neuroanatomical brairasdls to subdivide the brain into
Regions of Interest, which makes this problem amenable ¢sti. Classification across
subjects requires spatial normalization to account faristibject differences in brain size
and shape, but also needs to be robust with respect to inbgzes differences in activation
patterns —shape and amplitude.

Since fMRI patterns are very high dimensional and the amofittaining data is
typically limited, some form of "bet on sparsity” princip{éuse a procedure that does well
in sparse problems, since no procedure does well in densdepre” see [3]) becomes
almost unavoidable and our theoretical analysis showshihasting maps might have a
good chance of success in sparse problems (when only fewidonatareas are relevant for
classification).

2 Optimal aggregation of classifiers

Although we developed a multiclass extension of the metfuwdimplicity, we are dealing
here with a standard binary classification. (&t Y') be a random couple with distribution
P, X being an instance in some spagge.g., it might be an fMRI pattern) and <
{—1,1} being a binary label. Here and in what follows all the rand@miables are defined
on a probability spacé?, ¥, P), E denotes the expectation. Functiofis S — R will
be used as classifiersgn(f(x)) being a predictor of the label for an instances S (no
decision is being made jf(z) = 0). The quantityP{(z,y) : yf(z) < 0} (the probability
of misclassification or abstaining) is called the geneadilim error or the risk of. Suppose
thatH := {hq,..., hx} is a given family of classifiers taking valueslinl, 1]. Let
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be the symmetric convex hull 6. One of the versions dabptimal aggregation problem
would be to find a convex combinatigh € conv() that minimizes the generalization
error of f in conv(H). For a givenf € conv(H) its quality is measured by

E(f) = P{(z,y) 1 yf(x) <0} - gEC(i)rnlg(H)P{(x,y) tyg(x) <0},
which is often called the excess risk $f Since the true distributio® of (X,Y") is un-
known, the solution of the optimal aggregation problem ise¢dound based atfne training
data(X1,Y1),...,(X,,Y,) consisting ofn independent copies ¢, Y).

Let P, denote the empirical measure based on the training datd;j€1) represents
the frequency of training examples inagetc Sx{—1,1}. Inwhat follows, we denot&h
or P,h the integrals of a functioh on .S x {—1, 1} with respect taP or P, respectively.
We use the same notation for functions®mith an obvious meaning.

Since the generalization error is not known, it is temptotyy to estimate the optimal
convex aggregate classifier by minimizitige training error P, {(x,y) : yf(z) < 0}
over the convex hultonv(7). However, this minimization problem is not computationally
feasible and, moreover, the accuracy of empirical appration (approximation of” by
P,) over the class of set§{(z,y) : yf(x) < 0} : f € conv(H)} is not good enough
when’H is a large class. An approach that allows one to overcomediffitulties and that



proved to be very successful in the recent years is to regi@aminimization of the training
error by the minimization of the empirical risk with respéeta convex loss function. To
be specific, let be a nonnegative decreasing convex functiofRasuch that’(u) > 1 for
u < 0. We will denote(? e f)(x,y) := £(yf(x)). The quantity

P(tef)= [ (£ PP =Be(Y 1(X)

is called the risk off with respect to the losg or the/-risk of f. We will call a function

N
fo:= Z)\?hj € conv(H)
j=1
an ¢-otimal aggregate classifigf it minimizes the/-risk overconv(H). Similarly to the
excess risk, one can define the excessk of f as

E(f):=P{ef)— inf P(leg).

g€Econv(H)

Despite the fact that we concentrate in what follows on ojziimg the excesg-risk
(¢-optimal aggregation) it often provides also a reasonablydgsolution of the problem
of minimizing the generalization error (optimal aggregaji as it follows from simple
inequalities relating the two risks and proved in [4].

As before, sinceP is unknown, the minimization of-risk has to be replaced by the
corresponding empirical risk minimization problem

= %ZE(YJJ"(XJ)) — min, f € conv(H),
i=1

whose solutiorf = ZN 5\ h; is calledan empiricalé-optimal aggregatelassifier.

We will show that if f, f are "sparse” (i.e. )\0 )\ are small for most of the values
of 7), then the excesérisk of the empirical/- opumal aggregate classifier is small and,
moreover, the coefficients gfare close to the coefficients ¢ in ¢;-distance.

The sparsity assumption is almost unavoidable in many pmblbecause of the "bet
on sparsity” principle (see the Introduction).

At a more formal level, if there exists a small subget {1,2,..., N} such that the
sets of random variableg’, h;(X),j € J} and{h;(X),j ¢ J} are independent and, in
addition,Eh;(X) = 0,5 ¢ J, then, using Jensen’s inequality, it is easy to check thahin a
(-optimal aggregate classifigs one can také\g =0,7¢&J.

We will define a measure of sparsity of a functipn= Zjv:l Ajh; € conv(H) that
is somewhat akin to sparsity charactersitics considergsl i8]. For0 < d < N, let

A(f;d) == min{z IAj| = J C{1,...,N}, card(J) = d}
igJ
._ dlog(Nn/d)
and lets,, (d) := —=—=.
Define

do(f) == min{d 1< d< N, /Bu(d) > A(d)}.

Of course, if there existd C {1,...,N} such that\; = 0 forall j ¢ J and
card(J) = d, thend,, (f) < d.
We will also need the following measure of linear indepergenrf functions irH :

-1
> st ) |
L2 (P)

d) :=~v(H;d) = inf
’7( ) ,Y( ) <JC{1,...,N},card(J) d Z]EJ‘O‘7‘ 1



Finally, we need some standard conditions on the loss fomét{as, for instance, in
[4]). Assume that is Lipschitz on[—1, 1] with some constank, |[¢(u) — £(v)| < L|u —
v],u,v € [—1,1], and the following condition on the convexity modulus/dfiolds with

A<L:
AT (M50 2 Ao wv e -1

In fact, £(u) is often replaced by a functiof{uM ) with a large enougld/ (in other
words, the/-risk is minimized ovef\/ conv(H)). This is the case, for instance, for so called
regularized boosting [7]. The theorem below applies to daise as well, only a simple
rescaling of the constants is needed.

Theorem 1 There exist constant&’;, K> > 0 such that for allt > 0
p L? ; logN ¢ ¢
> K — - <e”
]P’{Sz(f) > K (ﬁn(dn(f))/\\/ -+ n)} <e
and

N I . N
j=1

Our proof requires some background material on localizedteRecher complexities
and their role in bounding of excess risk (see [8]). We defén the full version of the
paper. Note that the first bound depends onlyigtif) and the second odh, (f), dy, (fo).
Both quantities can be much smaller thidndespite the fact that empirical risk minimiza-
tion occurs over the whol&/-dimensional convex hull. However, the approach to convex
aggregation based on minimization of the empiri¢aisk over the convex hull does not
guarantee thaf is sparse even if, is. To address this problem, we also studied another
approach based on minimization of thenalizedempirical ¢-risk with the penalty based
on the number of nonzero coefficients of the classifier, batsire of the paper does not
allow us to discuss it.

3 Classification of fMRI patterns and boosting maps

We are using optimal aggregation methods described abdke problem of classification
of activation patterns in fMRI. Our approach is based onding the training data into
two parts: for local training and for aggregation. Then, yétthe image intoN func-
tional areas and traiV local classifiershy, ..., hy based on the portions of fMRI data
corresponding to the areas. The data reserved for aggradatihen used to construct an
aggregate classifier. In applications, we are often repipdirect minimization of empirical
risk with convex loss by the standafdlaBoostlgorithm (see, e.g., [9]), which essentially
means choosing the loss function/ds) = e~ *. A weak (base) learner fakdaBoossim-
ply chooses in this case a local classifier améng. .., hy with the smallest weighted
training error [in more sophisticated versions, we chookeal classifier at random with
probability depending on the size of its weighted trainimgpg and after a number of
roundsAdaBoosteturns a convex combination of local classifiers. The coefiis of this
aggregate classifier are then used to create a new visuaisepation of the brain (the
boosting map) that highlights the functional areas witmiigant impact on classification.
In principle, it is also possible to use the same data fonitngi of local classifiers and for
aggregation (retraining the local classifiers at each rafrmbosting), but this approach is
time consuming.

We use statistical parametric model (SPM) t-maps of MRI s¢a0]. Statistical para-
metric maps (SPMs) are image processes with Vosalies that are, under the null hypoth-
esis, distributed according to a known probability denéityction, usually the Student’s

A voxel is the amplitude of a position in the 3-D MRI image matrix.
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Figure 1:Masks used to split the image into functional areas in nslie and 3 orthogonal
slice display representations.

T or F distributions. These are known colloquially as t- an&ps. Namely, one analyzes
each and every voxel using any standard (univariate) statisest. The resulting statistical
parameters are assembled into an image - the SPM.

The classification system essentially transforms the t-ofiflge image into the boost-
ing map and at the same time it returns the aggregate classtie system consists tfe
data preprocessing blockthat splits the image into functional areas based on spécifie
masks, and also splits the data into portions corresporiditige areas. In one of our exam-
ples, we use the main functional ardmainstem cerebellumoccipital, temporal parietal,
subcorticalandfrontal. We split these masks in left and right, having in total 14hafrh.
The classifier blockthen trains local classifiers based on local data (in thesatirrersion
we are using SVM classifiers). Finallyye aggregation or boosting blockcomputes and
outputs the aggregate classifier and the boosting map ofrtaga. We developed a ver-
sion of the system that deals with multi-class problems iritsgf [11], but the details go
beyond the scope of this paper. The architecture of the mktallows us also to train it
sequentially. Letf be a classifier produced by the network in the previous rodinebok,
let (X1,Y1),...,(X,,Y,) be either the same or a new training data set antdlet . , hy
be local classifiers (based either on the same, or on a new seasks). Then one can

assign to the training examples the initial weights= M, whereZ is a standard
normalizing constant, instead of usually chosen uniforrighis. After this, theAdaBoost
can proceed in a normal fashion creating at the end an aggrefjfand of new local clas-
sifiers. The process can be repeated recursively updatthdhmclassifier and the boosting
map.

Figure 2:Left and center: Patterns corresponding to two classes td.dRight: Locations
of the learners chosen by the boosting procedure (whitesypdhe background image
corresponds to the two patterns of left and center figuregsoposed.



Figure 3:Patterns corrupted with noise in the gaussian parametetfaats, and additive
noise used in the synthetic data experiment.
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Figure 4:Two t-maps corresponding to visual (left) and motor actorad in the same
subject used in the real data experiment.

As a synthetic data example, we generfitex 40 pixels images of two classes. Each
class of images consists of three gaussian clusters placiftbrent positions. We generate
the set of images by adding gaussian noise of standard mewviat to the standard devi-
ation and position of the clusters. Then, we dddnore clusters with random parameters,
and finally, additive noise of standard deviation 0.1. Fégr(left and center) shows the
averages of class 1 and class 2 images respectively. Twdesofghe images can be seen
in Figure 3

We apply a base learner to each one oftt@0 pixels of the images. Learners have
been trained witt200 data,100 of each class, and the aggregation has been trained with
200 more data. The classifier has been tested @ithpreviously unknown data. The error
averaged over 100 trials is 85%. The same experiment has been made with a single linear
SVM, producing an error which excee?d8%, although this rate can be slightly improved
by selecting”' by cross validation.

The resulting boosting map can be seen in Fig. 2 (right). Asafpof concept, we
remark that the map is able to focus in the areas in which tretens corresponding to each
class are, discarding those areas in which only randombepllalusters are present.

In order to test the algorithm in a real fMRI experiment, we @6 images taken from
10 healthy subjects on a 1.5 Tesla Siemens Sonata scarinerli 8tere presented via MR
compatible LCD goggles and headphones. The paradigm teonéi®ur interleaved tasks:
visual (8 Hz checkerboard stimulation), motor (2 Hz righde finger tapping), auditory



Figure 5:Boosting map of the brain corresponding to the classificafimblem with visual
and motor activations. Darker regions correspond to highalues.

left brainstem: 0 right brainstem: 0
left cerebellum: 0.15 right cerebellum: 0.16
left parietal: 0.02 right parietal: 0.06

left temporal: 0.03 right temporal: 0.15
left occipital: 0.29 right occipital: 0.15
left subcortical: 0 right subcortical: 0
left frontal: 0 right frontal: 0

Table 1: Values of the convex aggregation.

(syllable discrimination) and cognitive (mental calcida). These tasks are arranged in
randomized blocks (8 s per block). Finger tapping in the mtask was regulated with
an auditory tone, subjects were asked to tap onto a butgpense pad. During the audi-
tory task, subjects were asked to respond on a button-resgaad for each "Ta"26% of
sounds), but not to similar syllables. Mental calculatitimali consisted of three single-
digit numbers heard via headphone. Participants had to kem &and divide by three,
responding by button press when there was no remaindés ¢f trials).

Functional MRI data were acquired using single-shot edaogy imaging with TR:
2 s, TE: 50 ms, flip angle: 90 degrees, matrix stzex 64 pixels, FOV: 192 mm. Slices
were 6 mm thick, witt25% gap, 66 volumes were collected for a total measurement time
of 132 sec per run. Statistical parametric mapping was pred to generate t-maps that
represent brain activation changes.

The t-maps are lowpass filtered and undersampled to ok2air82 x 24 t-maps (Fig.
4). The resulting t-maps are masked to obtain 14 subimales,the data is normalized
in amplitude. We proceed as mentioned to train a set of 14 @uppctor Machines. The
used kernel is a gaussian one with= 2 andC' = 10. These parameters have been chosen
to provide an acceptable generalization. A convex aggi@yaf the classifier outputs is
then trained.

We tested the algorithm in binary classification of visuaiagt auditory activations.
We train the base learners witld images, and the boosting with Then, we train the
base learners again wittd, leaving one for testing. We repeat the experiment leaving
out a different image each trial. None of the images was mmsdied. The values for the
aggregation are in Table 1. The corresponding boosting ssipawn in Fig 5. It highlights
the right temporal and both occipital areas, where the matat visual activations are



present (see Fig. 4). Also, there is activation in the cdhaimearea in some of the motor
t-maps, which is highlighted by the boosting map.

In experiments for the six binary combination of activatgtimuli, the average error
was less thaim(0%. This is an acceptable result if we take into account thad#ta included
ten different subjects, whose brain activation patteresgnmt noticeable differences.

4 Future goals

Boosting maps we introduced in this paper might become ailgefl in solving classifi-
cation problems for fMRI data, but there is a number of questito be answered before it
is the case. The most difficult problem is the choice of funwl areas and local classifiers
so that the "true” boosting map is identifiable based on thia.dss our theoretical analysis
shows, this is related to the degree of linear independefloeal classifiers quantified by

the functiory(d). If v(d) is too large ford = d,,(fo) Vv d,(f), the empirical boosting map
can become very unstable and misleading. In such casesjsteechallenging model selec-
tion problem (how to choose a "good” subsetréfor how to splitH into "almost linearly
independent clusters” of functions) that has to be adddegsdevelop this methodology
further.
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