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Abstract

We present a probabilistic model applied to the fMRI videingprediction task
of the Pittsburgh Brain Activity Interpretation Compatiti (PBAIC) [2]. Our
goal is to predict a time series of subjective, semantiagatiof a movie given
functional MRI data acquired during viewing by three subge©ur method uses
conditionally trained Gaussian Markov random elds, whiobdel both the rela-
tionships between the subjects' fMRI voxel measuremerdgslaa ratings, as well
as the dependencies of the ratings across time steps anedreswbjects. We also
employed non-traditional methods for feature selectiahragularization that ex-
ploit the spatial structure of voxel activity in the brairh@model displayed good
performance in predicting the scored ratings for the thokgests in test data sets,
and a variant of this model was the third place entrant to 6852 BAIC.

1 Introduction

In functional Magnetic Resonance Imagingf®IRI, an MR scanner measures a physiological sig-
nal known to be correlated with neural activity, the bloodrgenation-level dependent (BOLD)
signal [12]. Functional scans can be taken during a tasktefest, such as the subject viewing
images or reading text, thus providing a glimpse of how beativity changes in response to cer-
tain stimuli and tasks. An fMRI session produces scans obth@ volume across time, obtaining
BOLD measurements from thousands of small sub-volumesyxelsat each time step.

Much of the current fMRI research focuses on the goal of ifignt brain regions activated
in response to some task or stimulus (e.g., [7]). The fMRhaigs typically averaged over many
repeated stimulus presentations, multiple time pointsewsth different subjects, in order to nd
brain regions with statistically signi cant response. Hogr, in recent years, there has been growing
interest in an alternative task, whose goal is to developeatsoshich predict stimuli from functional
data, in effect demonstrating the ability to ‘read' infotmoa from the scans. For instance, Tong
et al. [9] demonstrated the ability to predict the oriemtatdf edges in a subject's visual eld from
functional scans of visual cortex, and Mitchell et al. [18Fsessfully applied machine learning
techniques to a predict a variety of stimuli, such as the s¢imaategory of words presented to a
subject. Such prediction work has demonstrated that, tieipe relatively low spatial resolution
of fMRI, functional data contains surprisingly reliabledadetailed signal [9, 6, 13], even on time
scales as short as a few seconds. Going beyond identifyénigtiation of responsive regions, these
models begin to demonstrdtewthe brain encodes states and stimuli [3], often capturisigituted
patterns of activation across multiple brain regions stemdously. This line of research could also
eventually provide a mechanism for accurately trackinghétdge processes in a noninvasive way.

Another recent innovation is the use of long and rich stinmufMRI experiments, such as a
commercial movie [8], rather than the traditional contdllrepeating simple stimuli. These exper-
iments present more dif culty in analysis, but more closelirror natural stimulation of the brain,
which may evoke different brain activity patterns from iteshal experiments.



The recenfPittsburgh Brain Activity Interpretation Competitidd8] (PBAIC), featuredboththe
use of complex stimuli and a prediction task, presentingiguendata set for predicting subjective
experiences given functional MRI sessions. Functionaiséam three subjects were taken while
the subjects watched three video segments. Thus, duringcte subjects were exposed to rich
stimuli including rapidly changing images of people, meafiul sounds such as dialog and music,
and even emotional stimuli, all overlapping in time. Eachjeat also re-viewed each movie multiple
times, to rate over a dozen characteristics of the videostowe, such a®Amusement presence
of Facesor Body Parts, Language andMusic. Given this data set, the goal was to predict these
real-valued subjective ratings for each subject basedamitpe fMRI scans.

In this paper, we present an approach to the PBAIC problesgdan the application of machine
learning methods within the framework of probabilisticgina&cal models. The structured probabilis-
tic framework allowed us to represent many relevant refatidps in the data, including evolution of
subjective ratings over time, the likelihood of differenbgects rating experiences similarly, and of
course the relationship between voxels and ratings. Weeaiglored novel feature selection meth-
ods, which exploit the spatial characteristics of brainvétgt In particular, we incorporate a bias in
favor of jointly selecting nearby voxels.

We demonstrate the performance of our model by training faosnbset of the movie sessions
and predicting ratings for held out movies. An earlier variaf our model was the third place entrant
to the 2006 PBAIC out of forty entries. We demonstrated venydyperformance in predicting many
of the ratings, suggesting that probabilistic modelingtfer fMRI domain is a promising approach.
An analysis of our learned models, in particular our featekection results, also provides some
insight into the regions of the brain activated by differstituli and states.

2 Probabilistic Model

Our system for prediction from fMRI data is based on a dynammdlirected graphical probabilistic
model, which de nes a large structured conditional Gaussiger time and subjects. The backbone
of the model is a conditional linear Gaussian model, captutiie dependence of ratings on voxel
measurements. We then extend the basic model to incorpependencies between labels across
time and between subjects.

The variables in our model are voxel activations and ratifgm each subject and each time
pointt, we have a collection of rating2s( ;t), with Rs(j;t) representing thgth rating type (for
instancd_anguageé for s at timet. Note that the rating sequences given by the subjects aralct
convolved with a standard hemodynamic response functibordeise, to account for the delay
inherentin the BOLD signal response [4]. For ea@ndt, we also have the voxel activiti&g( ;t).
Both voxels and ratings are continuous variables. For nmadltieal convenience, we recenter the
data such that all variables (ratings and voxels) have iean

Each ratingRs(j; t) is modeled as a linear Gaussian random variable, dependigrio voxels
from that subject's brain as features. We can expRagt) N (ws(j)"Vs(;t); 2). We assume
that the dependence of the rating on the voxels is time-iangrso that the same parametersj )
and s are used for every time point. Importantly, however, eatimgashould not depend aail
of the subject's voxels, as this is neither biologicallyelik nor statistically plausible given the large
number of voxels. In Sec. 3.1 we explore a variety of featetection and regularization methods
relevant to this problem.

The linear regression model forms a component in a largeehibdt accounts for dependencies
among labels across time and across subjects. This moasal th& form of a (dynamic) Gaussian
Markov Random Field (GMRF) [15, 11]. A GMRF is an undirectedghical probabilistic model
that expresses a multi-dimensional joint Gaussian digioh in a reduced parameter space by mak-
ing use of conditional independences. Speci cally, we eyl standard representation of a GMRF
derived from the inverse covariance matrix,ppecision matrixQ = 1 of the underlying Gaus-

written asP (X ) / exp( %X TQX ). The precision matrix maps directly to a Markov network
representation, &3(i;j ) = 0 exactly wherX; is independent oX; given the remaining variables,
corresponding to the absence of an edge betwgeandX; in the Markov network.



Figure 1: GMRF model for one ratin® (j;t ), over three subjects and three time steps.

In our setting, we want to express a conditional linear Gianssf the ratings given the voxels.
A distributionP (X j Y ) can also be parameterized using the joint precision matrix:

Y

. 1 1 . Y .
PXjY)= 209) | exp EQXX (i;1)X? e exp( Qxx (i, )XiXj)

Y
exp( Qxv (i;k)XiYk);
i(k2Ey

whereEyx is the set of edges between nodeXinandEy represents edges frovh to X .

Our particular GMRF is a joint probabilistic model that emgmasses, for a particular rating type
i » the value of the ratin&s(j; t ) for all of the subjects across all time points Our temporal model
assumes a stationary distribution, so that both node anel polgntials in the GMRF are invariant
across time. In our GMREF, this simply means that severaiesnin the full precision matrixQ
are actually tied to a single free parameter. We will treathemting type separately. Thus, the
variables in the model are: all of the voxel measurem¥ist), for all s; t and voxeld selected to
be relevant to rating; and all of the rating®s(j; t ) (for all s;t). As we discuss below, the model is
trained conditionally, and therefore encodes a joint iistion over the rating variablespnditional
on all of the voxel measurements. Thus, there will be no fexameters corresponding to the voxel
nodes due to the use of a conditional model, while rating a&ddj; ) have an associated node
potential parameté®noqdS;j)-

Each rating nod®s(j; t) has edges connecting it to a subset of relevant voxels ¥fgmt) at
the same time slice. The set of voxels can vary for differatihgs or subjects, but is consistent
across time. The precision matrix en®yoxe(S; j; V) parametrizes the edge from voxeto rating
j. To encode the dependencies between the rating at difféineatpoints, our dynamic model
includes edges between each ratiRg(j;t) and the previous and following ratingRs(j;t 1)
andRs(j;t +1). The corresponding edge parameters@fge(s;j). We also use the GMRF to
encode the dependencies between the ratings of differbjects, in a way that does not assume
that the subjects gave identical ratings, by introducingrapriate edges in the model. Thus, we also
have an edge betwe@(j; t ) andRso(j; t ) for all subject pairs; s° parametrized bQsuni(s; S%j ).

Overall, our model encodes the following conditional disttion:

PRG)IV(:)=

#Y ex }Q ds;j)Rs(j;1)? Y exp ( Qsub(S; %] )Rs(j; t)Rso(j; 1))
Z(V( : )) o p 2 nod N sUs fect p subj\ 9, ') sUUs sol);
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exp( Qime(S;J)Rs(;t)Rs(jit +1))  exp( Quoxe(S:J;1Rs(;t)Vs(lit)): (1)
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3 Learning and Prediction

We learn the parameters of the model above from a data seistingsof all of the voxels and
all the subjective ratings for all three subjects. We tr&ie parameters discriminatively [10], to
maximize the conditional likelihood of the observed rasigiven the observed voxel measurements,
as speci ed in Eq. (1). Conditional training is appropriateur setting, as our task is precisely to
predict the ratings given the voxels; importantly, thigtasf training allows us to avoid modeling the
highly noisy, high-dimensional voxel activation distrtlmn. We split parameter learning into two



phases, rstlearning the dependence of ratings on voxetsftzen learning the parameters between
rating nodes. The entire joint precision matrix over all @@xand ratings would be prohibitively
large for our learning procedure, and this approximatios e@mputationally much more ef cient.
In the rst phase, we learn linear models to predict eachgagjiven only the voxel activations. We
then modify our graph, replacing the very large set of voxmlas with a new, much smaller set of
nodes representing the linear combinations of the voxalains which we just learned. Using the
reduced graph, we can then learn a much smaller joint pogcieatrix. Below, we describe each of
these steps in detail.

3.1 From Voxels to Ratings

To learn the dependencies of ratings on voxels for a singigestis, we nd parameterw(j),
using linear regression, which optimize

Y
P(Rs(; )iVs(5 )/ exp —212(Rs(j;t) ws()TVs(5t)? )
t S

However, to deal with the high dimensionality of the featspace relative to the number of
training instances, we utilize feature selection; we afdmduce regularization terms into the ob-
jective that can be viewed as a spatially-based prior awgjj). First, we reduce the number of
voxels involved in the objective for each rating using a darfeature selection method: We com-
pute the Pearson correlation coef cient for each voxel aacherating, and select the most highly
correlated features. The number of voxels to select is mgetthich we tuned, for each rating type
individually, using ve-fold cross-validation on the traing set. We chose to use the same number
of voxels across subjects, which is more restrictive butéases the amount of data available for
cross-validation.

Even following this feature selection process, we oftelhlséive a large number (perhaps hun-
dreds) of relevant voxels as features, and these featuapiie noisy. We therefore employ addi-
tional regularization over the parameters associatedtivitbe voxels. We explored bath (ridge)
andL ; (Lasso) regularization, corresponding to a Gaussian arapéatian prior respectively. In-
troducing both types of regularization, we end up with alikgtihood objective of the form:

X

X X
(Rs(it)  ws() Vs(:)?+  ws(ii)*+  jws(ii)] (3)
t [ i
Finally, we introduce a novel form of regularization, intkeal to model the spatial regularities of
voxel activations. Brain activity associated with somestypf stimuli, such as language, is believed
to be localized to some number of coherent regions, eachichmmould contains multiple activated
voxels. We therefore want to bias our feature selectiongs® favor of selecting multiple voxels
that are nearby in space; more precisely, we would prefeglersa voxel which is in the vicinity
of other correlated voxels, over a more strongly correlatedel which is isolated in the brain, as
the latter is more likely to result from noise. We therefoeeng a robust “hinge-loss”-like distance
function for voxels. Lettindkv; vk, denote the Euclidean distance between voxeblndvy in
the brain, we de ne:

8

21 if kvi  vkko < dmin,
D(;k)=_0 if kvi vk > dmax

7 dnak v vk otherwise.

dmax  dmin

We now introduce an additional regularization term

jws(J;1)iD (i k)jws(j; k)j
ik

into the objective Eq. (3). This term can offset theterm by co-activating voxels that are spatially
nearby. Thus, it encourages, but does not force, co-sefeafinearby voxels. Note that this regu-
larization term is applied to the absolute values of the \aaights, hence allowing nearby voxels
to have opposite effects on the rating; we do observe suasdasour learned model. Note that,
according to our de nition, the spatial prior uses simpleckdean distance in the brain. This is
clearly too simplistic, as it ignores the structure of thaiby particularly the complex folding of the
cortex. A promising extension of this idea would be to appieadesic version of distance instead,
measuring distance over gray matter only.



3.2 Training the Joint Model

We now describe the use of regression parameters, as learSed. 3.1, to reduce the size of our
joint precision matrix, and learn the nal parameters imthg the inter-rating edge weights.

Given ws(j), which we consider the optimal linear combination \&8f( ;j) for predicting
Rs(j), we remove the voxel nodé4( ;t) from our model, and introduce new “summary' nodes
Ui (t) = ws(j)TVs(;t). Now, instead of ndingQuoxe(S; j; V) parameters for every voxelindi-
vidually, we only have to nd a single parame®®y, (s;]j). Given the structure of our original linear
Gaussian model, there is a direct relationship betweemagdtion in the reduced formulation and
optimizing using the original formulation. Assumimg;(j ) is the optimal set of regression parame-
ters, the optimaQyoxe(S; j; 1) in the full form would be proportional tQ (s; j )ws(j; | ), optimized
in the reduced form. This do@®tguarantee that our two phase learning results in globaliyra
parameter settings, but simply that giweg(j ), the reduction described is valid.

The joint optimization ofQy (S;j), QnoddS;j), Qtime(S;j), andQsus(s;s%]) is performed ac-
cording to the reduced conditional likelihood. The redufech of Eq. (1) simply replaces the nal
terms containin@yoxe(S; j; ) with:

Y
exp( Qu(s;j)Rs(:t)U; (1)): 4
s;t
The nal objective is computationally feasible due to thdueed parameter space. The log like-
lihood is a convex function of all our parameters, with thealfoint precision matrix constrained
to be positive semi-de nite to ensure a legal Gaussianitigion. Thus, we can solve the prob-
lem with semi-de nite programming using a standard convptimization package [1]. Last, we
combine all learned parameters from both steps, repeatesisstime steps, for the nal joint model.

3.3 Prediction

Prediction of unseen ratings given new fMRI scans can barmddahrough probabilistic inference
on the models learned for each rating type. We incorpora&ekiserved voxel data from all three
subjects as observed values in our GMRF, which induces agizawgosterior over the joint set of
ratings. We only need to predict the most likely assignmemnatings, which is the mean (or mode)
of this Gaussian posterior. The mean can be easily compsiag goordinate ascent over the log
likelihood of our joint Gaussian model. More precisely, werate over the nodes (recall there is
one node for each subject at each time step), and updateais tmé¢he most likely value given the
current estimated means of its neighbors in the GMRFQsg{ be the joint precision matrix, over
all nodes over time and subject, constructed fiQuT( ; ), Qume( ; ), Qsubf( ; ; )» anNdQnoad ; )-
Then forgach nodk and neighbor#ly according to the graph structure of our GMRF, we update
k ( 2N, 1 QRR (k;j). As the objective is convex, this process is guaranteedneesge
to the mode of the posterior Gaussian, providing the mostyikatings for all subjects, at all time
points, given the functional data from scans during a newienov

4 Experimental Results

As described, the fMRI data collected for the PBAIC inclufidé| scans of three different subjects,
and three sessions each. In each of the sessions, a sulewetivia movie approximately 20 min-
utes in length, constructed from clips of tHeme Improvemersgitcom. All three subjects watched
the same movies — referred to Boviel, Movie2andMovie3 The scans produced volumes with
approximately30; 000 brain voxels, each approximately 3.28mm by 3.28mm by 3.5mith, one
volume produced every 1.75 seconds. Subsequently, thectwizitched the movie again multiple
times (not during an fMRI session), and rated a variety ofrati@ristics at time intervals corre-
sponding to the fMRI volume rate. Before use in predictitre tating sequences were convolved
with a standard hemodynamic response function [4]. The i&inegs used in the competition were
Amusement Attention, Arousal, Body Parts, Environmental Sounds Faces Food, Language
Laughter, Motion, Music, SadnessandTools. Since the ratings are continuous values, compe-
tition scoring was based on the correlation (for frames whbe movie is playing) of predicted
ratings with true ratings, across rating types and all stibjecombined using a*transform. For
consistency, we adhere to the use of correlation as ournpesafoce metric.

To train our model, we use the fMRI measurements along withatihgs from all subjects'
sessions for some set of movies, holding out other movietefting. We chose to use an entire held
out movie session because the additional variance betwéRhdessions is an important aspect of
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Figure 2: (a) Average correlation of predicted ratings ame tatings, for simple models, the full
GMRF, nally including the spatial (Sp) prior. (b) Correlah scores for individual ratings, for
subject 3. (c) Effect of varying the number of voxels usedriediction for Language, Amusement,
and BodyParts, from cross-validation tests.

the prediction task. The training set is used both to leaemtlodel parameters and for the cross-
validation step used to select regularization settingse [Earned model is then used to predict
ratings for the held out test movies for all subjects, fronkRiMlata alone. Our GMRF model shows

signi cant improvement over simpler models on the prediatiask, and a version of this model was
used in our submission to the PBAIC. We also evaluate thdtsesfiour feature selection steps,

examining which regions of the brain are used for each ratiediction.

4.1 Rating Prediction

For our own evaluation outside of the competition, givert thia did not have access tdovie3
ratings for testing, we trained a full model using functibdata and ratings from the three subjects
viewing Moviel, and then made predictions using the scans from all sutfi@ctdovie2 The pre-
dictions made by the dynamic GMRF model were highly coreslatith the true ratings. The best
overall average correlation achieved for held blavie2was0:482. For all subjects, the correlation
for both LanguageandFaceswas above:7, and we achieved correlations of abd¥8 on 19 of
the39 core tasks (three subjects tirh@ratings).

To evaluate the contribution of various components of oudehave also tested simpler versions,
beginning with a regularized linear regression model. Ve abnstructed two simpli ed versions
of our GMRF, one which includes edges between subjects luime interactions, and conversely
one which includes time interactions but removed subjegesdFinally, we tested our full GMRF
model, plus our GMRF model along with the spatial prior. Aewh in Fig. 2(a), both the time de-
pendencies and the cross-subject interactions help gieat the linear regression model. The nal
combined model, which includes both time and subject ediprapnstrates signi cantimprovement
over including either alone. We also see that the additiom gibatial prior (using cross-validation
to select which ratings to apply it to), results in a smallitiddal improvement, which we explore
further in Sec. 4.2. Performance on each of the rating typaisidually is shown in Fig. 2(b) for
subject 3, for both linear regression and our GMRF. One@stérg note is that the relative ordering
of rating type accuracy for the different models is surpigéy consistent.

As mentioned, we submitted the third place entry to the 20BAIE. For the competition, we
used our joint GMRF across subjects and time, but had notlajee the spatial prior presented
here. We trained our model on sessions from bdtiviel andMovie2and all the corresponding
ratings from the three subjects. We submitted predictiamdviovie3 whose true ratings were
unavailable to any entrant before the competition. Arod@droups made nal submissions. Our
nal score in the competition wa8:493 whereas30% of the entries fell belov®:400Q The rst
place group, Olivetti et al. [14], employed recurrent néatworks, using mutual information as
a feature selection criterion and achieved a sco@®f5 The second group, scorifg509, was
Chigirev et al. [5] — they applied highly regularized lineapdels with smoothing across spatially
nearby voxels and across subjects. Some groups employedméthine learning techniques such
as Support Vector Regression prediction, while othersgeduwon nding signi cantly activated
brain areas, as in Region of Interest Analysis, to use asriesitn prediction.
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Figure 3: Voxels selected for various rating predictiotifoa Subject 3.

4.2 \oxel Selection and Regularization

We also examined the results of feature selection and régati@n, looking at the location of vox-
els used for each rating, and the differences resulting frarious techniques. Starting with the
approximately30; 000 brain voxels per subject, we apply our feature selectiohrtigpies, using
cross-validation on training sessions to determine thebmuraf voxels used to predict each rating.
The optimal number did vary signi cantly by rating, as thegh of performance in Fig. 2(c) demon-
strates. For instance, a small voxel set (less @) performs well for theBody Partsrating, while
the Languagerating does well with several hundred voxels, @dusementuses an intermediate
number. This may re ect the actual size and number of bragiores activated by such stimuli, but
likely also re ects voxel noise and the dif culty of the inddual predictions.

Visualization demonstrates that our selected voxels aftemccur in regions known to be respon-
sive to relevant stimuli. For instance, voxels selectedfotion in all three subjects include voxels
in cortical areas known to respond to motion in the visuad éFig. 3(a)). Likewise, many voxels
selected folLanguageoccur in regions linked to language processing (Fig. 4(Hpwever, many
other voxels were not from expected brain regions, attaibletin part to noise in the data, but also
due to the highly intermixed and correlated stimuli in théaos. For instance, the ratingsnguage
andFacesfor subject 1 inMovielhave correlatio®:68, and we observed that the voxels selected
for FacesandLanguageoverlapped signi cantly. Voxels in the language centershaf brain im-
prove the prediction ofacessince the two stimuli are causally related, but it might beferable to
capture this correlation by adding edges between the ratidgs of our GMRF. Another interesting
observation was that there is some consistency in voxettsghebetween subjects, even though
our model did not incorporate cross-subject voxel selacti@omparing-acesvoxels for Subject 3
Fig. 3(b), to voxels for Subject 2 Fig. 4(a), we see that trepeetive voxels do come from similar
regions. This provides further evidence that the featulecien methods are nding real patterns
in the fMRI data.

Finally, we discuss results of applying our spatial priore Added the prior for ratings which
clearly improved in cross-validation trials fatl subjects —Motion, Language andFaces By
comparing the voxels selected with and without our spati@rpwe see that it does result in the
selection of more voxels from spatially coherent groupsteNbetotal numberof voxels selected
does notrise in general. As shown in Fig. 4(a), the voxelg-&mesfor subject 3 include a relevant,
spatially grouped set of voxels before application of oummpbut the use of the spatial prior results
in further voxels being added near this region. Similar itefor Languageare shown for subject
1. Arousal prediction was actually hurt by including the spatial priand looking at the voxels
selected for subject 2 féxrousal Fig. 3(c), we see that there is almost no spatial groupirgjroally,
so perhaps the spatial prior is implausible in this case.

5 Discussion

This work, and the other PBAIC entries, demonstrated thaida wange of subjective experiences
can be predicted from fMRI data collected during subjecxgasure to rich stimuli. Our proba-
bilistic model in particular demonstrated the value of tisgies and multi-subject data, as the use
of edges representing correlations across time and ctomdcbetween subjects each improved the
accuracy of our predictions signi cantly. Further, whilexels are very noisy, with appropriate reg-
ularization and the use of a spatially-based prior, refigivediction was possible using individual
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Figure 4: Effect of applying the spatial prior — each left opeds without, right is with prior applied.

voxels as features. Although we allowed voxels to be chosen finywhere in the brain, many of
the voxels selected as features in our model were locatedin kegions known to be activated by
relevant stimuli.

One natural extension to our work would include the additéinteractions between distinct
rating types, such as Language and Faces, which are likdbg toorrelated. This may improve
predictions, and could also result in more targeted voxelcsien for each rating. More broadly,
though, the PBAIC experiments provided an extremely ricta dzt, including complex spatial
and temporal interactions among brain voxels and amongresabf the stimuli. There are many
aspects of this data we have yet to explore, including modéhie relationships between the voxels
themselves across time, perhaps identifying interestisgading patterns of voxel activity. Another
interesting direction would be to determine which tempasgects of the semantic ratings are best
encoded by brain activity — for instance it is possible thaifiactivity may respond more strongly
to changesn some stimuli rather than simply stimulus presence. Saegstigations could provide
much further insight into brain activity in response to coexgstimuli in addition to improving our
ability to make accurate predictions from fMRI data.
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