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Abstract—The curse of dimensionality constitutes a major
challenge to functional magnetic resonance imaging (fMRI)
classification. Coupled with the typically strong noise in fMRI
data, prediction accuracy is often limited. In this paper, we
propose exploiting the inherent spatiotemporal structure of brain
activity to regularize the typically ill-conditioned fMRI
classification problem. To impose a spatiotemporal prior, we
employ a recent classifier learning formulation for building
Generalized Sparse Classifiers (GSC). This formulation combines
a generalized ridge term with the LASSO penalty, which is
integrated into classifier learning to permit various general
properties, such as spatial smoothness, to be modeled. Here, we
exploit this flexibility of GSC to build a spatiotemporallyregularized sparse linear discriminant classifier, and contrast its
performance on real fMRI data against a number of state-of-theart classification techniques. Our results show that incorporating
a spatiotemporal prior jointly improves prediction accuracy and
result interpretation, which demonstrate the added value of such
prior information in fMRI spatiotemporal classification.
Keywords-brain decoding, fMRI, neuroimaging,
regularization, spatiotemporal classification

I.

sparse

INTRODUCTION

Functional magnetic resonance imaging (fMRI) provides a
non-invasive means for studying human brain function. The
standard fMRI analysis approach examines each brain voxel in
isolation [1], which completely ignores the inherent
spatiotemporal structure of fMRI data. To remedy this
limitation, pattern classification techniques have been explored
[2,3], which enable all voxels to be jointly analyzed. Under the
typical fMRI classification framework, signal intensity of each
voxel is treated as a feature with brain volumes taken as
samples [2,3]. Alternatively, one may concatenate multiple
brain volumes within a trial of the same experimental condition
and treat each concatenated set of brain volumes as a sample
[4,5]. In either case, the classification task is to determine the
experimental condition to which the brain volumes belong.
However, the number of features (tens of thousands of voxels)
typically far exceeds the number of samples (hundreds of brain
volumes). Thus, direct application of standard classifiers, such
as linear discriminant analysis (LDA) [6] and support vector
machines [5], will likely result in overfitting [2,3].

The conventional approach to reduce feature dimension is
to apply univariate analysis to select voxels that display
significant activation or discriminant power [5]. However, this
approach neglects the collective information encoded by the
voxel patterns [7]. Recently, sparsity-enforcing techniques
have become the dominant means for dimension reduction [713]. The key advantage of these techniques lies upon how the
collective information of all voxels is jointly considered during
feature selection. Also, enforcing sparsity provides a more
clear-cut segregation of the relevant voxels (i.e. weights of
irrelevant voxels are shrunk to exactly zero). However, merely
encouraging sparsity without accounting for the inherent
structure in the data may result in suboptimal predictive
performance and spurious weight patterns [7].
To account for the intrinsic structure in fMRI data, group
sparse techniques have been explored to jointly select spatially
proximal voxels [11]. However, imposing group sparsity alone
does not encourage spatially smooth weight patterns, which
deviates from how spatially neighboring voxels tend to display
similar level of brain activity [14]. Elastic net has also been
employed for jointly selecting correlated voxels, but suffers
from similar limitations [12]. More recently, Van Gerven et al.
[13] proposed a Bayesian formulation for incorporating a
spatiotemporal prior, where the authors opted to model
uncertainty by estimating the posterior probabilities of the
classifier weights as opposed to obtaining sparse classifier
weights through finding the maximum a posterior solution.
In this paper, we focus on spatiotemporal classification,
where multiple brain volumes within a trial are treated as a
sample. To regularize this ill-conditioned problem (i.e. limited
number of samples coupled with severe noise), we propose to
exploit the spatiotemporal structure of fMRI data. In particular,
we employ our recently proposed formulation for building
Generalized Sparse Classifiers (GSC) [12] to incorporate a
spatiotemporal prior into classifier learning. Brain activity is
intrinsically a spatiotemporal process [4] and tends to be
sparsely distributed in localized clusters [7]. These properties
of brain activity can be jointly captured by simultaneously
enforcing sparsity and spatiotemporal smoothness using GSC.
We explore the implications, both spatially and temporally, in
explicitly modeling the spatiotemporal structure of fMRI data
in classifier learning in this work.
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Fig. 1. Predictor matrix. Brain volumes within the same trial are concatenated
and taken a single sample xi. Nt is number of volumes within a trial and NT is
the number of trials for a particular experimental condition.

II.

METHODS

A. Problem Formulation
Given N M×1 feature vectors, xi, forming the rows of an
N×M predictor matrix, X, the goal of pattern classification is to
find the corresponding N×1 label vector, l, containing the class
label li of xi. In context of spatiotemporal fMRI classification,
we treat the signal intensity of each brain voxel p at time tk
within a trial as a feature, and all brain volumes within a trial of
the same experimental condition as a sample xi (Fig. 1). In
contrast to spatial fMRI classification where each brain volume
is taken as a sample, multiple brain volumes are concatenated
into a single sample under the spatiotemporal setting. Our goal
is thus to determine to which experimental condition li does
each concatenated set of brain volumes xi belong. Since brain
activity is inherently a spatiotemporal process [4], exploiting
the spatiotemporal structure of fMRI data during classifier
learning can be beneficial. We employ the GSC formulation for
integrating such prior information as presented next.
B. Generalized Sparse Classifier
To integrate application-specific properties beyond mere
sparsity into classifier learning, we [12] proposed combining a
generalized ridge term with the least absolute shrinkage and
selection operator (LASSO) penalty [15]:

J (a ) = α Γa
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(1)

where a is a vector containing the classifier weights, Γ is a
matrix for modeling the associations between features, and α
and β control the amount of regularization. The power of (1)
stems from how the generalized ridge term enables
penalization of differences in weights between associated
features, which presumably should be similar to reflect their
associations, and has been previously proposed for penalizing
differences in successive weights of ordered features in the
context of regression under the name, “Smooth LASSO” [16],
and for modeling correlations between adjacent pixels in
image analysis applications. Combining (1) with the typical
misclassification loss results in the GSC formulation [12]:
aˆ = min l g − f ( Xa )
a
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where f(·) maps Xa onto the label space, and lg is a vector
containing the ground truth labels. To efficiently minimize (2),
we employ a two-step optimization strategy, where lg are
transformed into continuous variables to facilitate direct
application of sparse regression solvers [12,17,18]:
Step 1. Learn the constraint-free optimal projection of the
training data X using, e.g. graph embedding (GE) [19]:
Wy = λDy,
(3)
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Fig. 2. Spatiotemporal neighborhood. 6-connected voxels and signal value of
voxel p itself at adjacent time points are defined as neighbors of voxel p.

where y is the projection of X in the subspace of W [19]. Wij
models the intrinsic relationships between samples i and j, and
D is a diagonal matrix with Dii = ∑jWij. We note that the main
advantage of GE is that it enables various subspace learning
algorithms to be used as classifiers by simply varying W [19].
Step 2. Determine the classifier weights a such that y and Xa
are as similar as possible under the desired constraints:
aˆ = min y − Xa
a
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(4)

The two-step strategy hence converts the classification
problem (2) into a regularized regression problem (4). If we
further transform (4) by augmenting X and y:
1 ⎛
X ⎞ ~ ⎛ y⎞
~
⎟⎟, y = ⎜⎜ ⎟⎟,
X = (1 + α )− 2 ⎜⎜
(5)
α
⎝ Γ⎠
⎝0⎠
we obtain exactly LASSO regression problem [15]:
~ 2
aˆ = 1 + α min ~y − X a~ + β a~ ,
(6)
a~

2
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which

is a well-studied problem with a wealth of efficient
solutions [20,21]. We used the spectral projected gradient
technique due to its ability to handle large-scale problems
(~40,000 features in our study, Section III) [21]. Parameters α
and β were selected using nested cross-validation [5].
To investigate the implications in incorporating a spatiotemporal prior, we build a spatiotemporally smooth sparse
LDA (STSLDA) classifier by first solving for y in (3) with:
⎧1 / mc , l i = l j = c
Wij = ⎨
,
(7)
otherwise
⎩0,
where mc is the number of samples in class c [18]. We then
optimize (4) with Γ being a spatiotemporal Laplacian operator:
⎪⎧− 1, q s ∈ N pk
Γ pk q s = ⎨
, Γ pk p k = − ∑ Γ pk q s ,
(8)
⎪⎩0, otherwise
q s ≠ pk
where Npk is the “spatiotemporal” neighborhood of voxel p at
time tk as depicted in Fig. 2.

III.

MATERIALS

The publicly available StarPlus database [22] was used for
validation. We provide here a brief description of the data and
the experiment for convenience. Details can be found in [5,22].
In the StarPlus experiment, all subjects performed 40 trials
of a sentence/picture matching task. In each trial, subjects were
required to look at a picture (or sentence) followed by a
sentence (or picture), and to decide whether the sentence
(picture) correctly described the picture (sentence). The first
stimulus was presented for 4 s followed by a blank screen for 4
s. The second stimulus was then presented for up to 4 s

fMRI brain volumes were acquired from 13 normal
subjects at a TR of 500 ms [5] with 6 of the subjects’ data
made available online [22]. Each subject’s dataset comprised
voxel time courses within 25 ROIs that were chosen by
neuroscience experts, resulting in approximately 5000 voxels
per subject. Inter-subject differences in the number of voxels
were due to anatomical variability. Motion-correction and
temporal detrending were applied on the voxel time courses to
account for head motions and low frequency signal drifts [5].
No spatial normalization was performed.
IV.

RESULTS AND DISCUSSION

In this study, we treated the intensity of each voxel at each
time point within a trial as a feature, and all brain volumes
within the same trial of each experimental condition as a
sample. The classification task was thus to discriminate sets of
brain volumes associated with a picture from those associated
with a sentence. To account for the delay in the hemodynamic
response function (HRF) [1], we only used the 8 brain
volumes collected 4 s after stimulus onset within each trial.
Each sample thus consisted of approximately 40,000 features
(i.e. roughly 5000 voxels × 8 volumes, Section III) with 40
samples per class (i.e. 40 trials per class) for each subject. For
comparison, we contrasted STSLDA against LDA [6], linear
SVM [5], SLDA, ENLDA, and SSLDA [12]. Ten-fold cross
validation was used to estimate prediction accuracy [5].
A summary of the quantitative and qualitative results are
shown in Fig. 3 and Fig. 4, respectively. Axial view of the
classifier spatial weight patterns corresponding to 6 s after
stimulus onset (i.e. when HRF typically peaks) was plotted.
Only 1 exemplar subject was included in Fig. 4 due to space
limitation. To study the temporal dynamics of the classifier
weights, we reshaped the Nt·M×1 classifier weight vector back
into a Nt×M matrix and applied principal component analysis
(PCA). The resulting principal temporal mode is displayed
adjacent to its associated classifier spatial weight pattern in
Fig. 4. The displayed time window corresponds to 5 s to 8 s
after stimulus onset (Section III). The canonical HRF [1]
(within the same time window) was overlaid for comparison.
Using LDA resulted in the worst average predictive
performance over subjects, which was likely due to
overfitting. Also, the resulting classifier spatial weight patterns
appeared randomly-distributed. Using SVM obtained similar
accuracy level, and the spatial weight patterns again seemed
random. Reducing overfitting by enforcing sparsity using
SLDA improved accuracy. However, the spatial weight
patterns appeared overly-sparse, which deviates from how
brain activity is distributed in localized spatial clusters [7].
Using ENLDA further increased prediction accuracy, but the
spatial weight patterns were still overly-sparse with few local
clusters. Explicitly modeling spatial correlations using SSLDA
resulted in higher accuracy and spatially smoother weight
patterns, thus demonstrating the value of incorporating prior
knowledge in fMRI classification, both in terms of predictive
performance and result interpretability. These benefits of
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Fig. 3. Prediction accuracy comparisons. STSLDA outperformed all other
contrasted methods with an average accuracy of 90%.

exploiting prior knowledge is further exemplified using our
proposed STSLDA. By incorporating a spatiotemporal prior,
STSLDA achieved the best overall predictive performance
with an average accuracy of 90%. Also, STSLDA obtained the
lowest variability in prediction accuracy across subjects, thus
demonstrating stable performance albeit the considerable
inter-subject variability often seen in fMRI studies [14].
Moreover, STSLDA provided spatially smooth weight
patterns that conform well to prior neuroscience knowledge.
Specifically, classifier weights were correctly assigned to
voxels within the visual cortex, temporal lobe, and inferior
temporal lobe, which are known to be involved in
picture/sentence discrimination [23].
Temporally, STSLDA provided smoother temporal profiles
than its sparsity-enforcing counterparts. The overall shape of
STSLDA’s temporal profiles also moderately resembles that
of the canonical HRF. Our results thus suggest that analyzing
classifier weights in the manner described above may provide
an alternative means for HRF estimation. However, further
validation with more data is required to confirm this finding.
V.

CONCLUSIONS

We proposed integrating a spatiotemporal prior into
classifier learning for handling the curse of dimensionality and
the strong noise often seen in fMRI data. Exploiting GSC, we
built a spatiotemporally-regularized sparse LDA classifier,
which improved prediction accuracy over the widely-used
LDA and linear SVM classifiers as well as a modest number
of sparse LDA variants. More neurologically sensible weights,
both spatially and temporally, were also obtained. Our results
thus demonstrate the value of modeling data structure in fMRI
spatiotemporal classification.
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Fig. 4. Classifier weights of contrasted methods. Spatial weight patterns 6 s after stimulus onset are displayed. Red indicates positive weights and blue indicates
negative weights. Adjacent to the spatial weight patterns are temporal profiles of the weights (blue curve) extracted using PCA (Section IV) and the canonical
HRF overlaid (red curve). The displayed time window corresponds to 5 s to 8 s after stimulus onset. (a) LDA and (b) linear SVM resulted in randomly-distributed
spatial weight patterns. (c) SLDA generated overly-sparse spatial weight patterns, which was only mildly improved with (d) EN-LDA. (e) SSLDA and (f)
STSLDA produced spatially smooth patterns, which better reflect how spatially proximal voxels tend to display similar level of brain activity. STSLDA also
generated smoother temporal profiles than its sparse LDA counterparts with moderate resemblance to the shape of the canonical HRF.

