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Abstract 

 
The perplexing effects of noise and high feature 

dimensionality greatly complicate functional magnetic 
resonance imaging (fMRI) classification. In this paper, we 
present a novel formulation for constructing “Generalized 
Group Sparse Classifiers” (GSSC) to alleviate these 
problems. In particular, we propose an extension of group 
LASSO that permits associations between features within 
(predefined) groups to be modeled. Integrating this new 
penalty into classifier learning enables incorporation of 
additional prior information beyond group structure. In 
the context of fMRI, GGSC provides a flexible means for 
modeling how the brain is functionally organized into 
specialized modules (i.e. groups of voxels) with spatially 
proximal voxels often displaying similar level of brain 
activity (i.e. feature associations). Applying GSSC to real 
fMRI data improved predictive performance over standard 
classifiers, while providing more neurologically 
interpretable classifier weight patterns. Our results thus 
demonstrate the importance of incorporating prior 
knowledge into classification problems. 
 

1. Introduction 
The curse of dimensionality presents major challenges 

to pattern classification [1]. In many real world problems, 
the number of features often far exceeds the number of 
samples [2]. Thus, direct application of standard classifiers 
will likely result in overfitting [1]. To reduce overfitting, 
various dimension reduction techniques have been put 
forth, which can be broadly divided into two categories: 
feature extraction and feature selection [1]. Extracting 
features by applying subspace learning algorithms, such as 
principal component analysis (PCA), linear discriminant 
analysis (LDA), and Laplacian eigenmap [1,3] among 
many others, provide an effective means of reducing 
feature dimensionality while preserving certain intrinsic 
relationships between the samples. However, the new 
features created by combining the original features lack 
intuitive physical meanings, which hinders result 
interpretation [1]. 

The alternative dimension reduction strategy is to select 
the subset of features with highest discriminability. This 
approach simplifies result interpretation since the physical 
meanings of the features are retained. Conventional 
techniques under this category include sequential forward 
selection and sequential backward selection [1]. More 
advanced methods, such as support vector machine with 
recursive feature selection (SVM-RFE) [4] and random 
forest [5], that enable multivariate feature selection have 
also been explored. More recently, a surge of sparsity-
enforcing techniques, such as relevance vector machine 
[6], informative vector machines [7], joint classifier and 
feature optimization [8], sparse multinomial logistic 
regression [9], sparse SVM [10], and spectral regression 
[11], have been proposed. Many of these techniques 
perform feature selection by exploiting the sparse property 
of the least absolute shrinkage and selection operator 
(LASSO) penalty [12] to shrink classifier weights 
associated with irrelevant features to exactly zero. 
However, merely enforcing sparsity without accounting 
for domain-specific information may result in spurious 
classifier weight patterns [13]. For instance, in the context 
of image classification, adjacent pixels are typically 
correlated. Thus, these pixels should desirably be jointly 
selected to reflect their correlations [14]. 

To extend the sparse property of LASSO to the group 
level so that related features (e.g. adjacent voxels) would 
be jointly selected, group LASSO was introduced [15,16]. 
Given that the input features can be grouped based on 
some common “factors” [16], the group LASSO penalty 
sparsely selects a subset of the groups and assigns non-
zero weights to all features within the selected groups. 
Identification of relevant key factors is thus simplified. 
However, the group LASSO penalty does not model the 
associations between features within a group. For instance, 
adjacent pixels predefined to be in the same group would 
be jointly selected, but the classifier weight patterns might 
not be spatially smooth.  

Another widely-used technique that generates similar 
effects as group LASSO is elastic net [17]. This technique 
combines a ridge penalty with the LASSO penalty, which 
has been shown to jointly select sets of correlated features. 
However, the ridge penalty alone does not provide the 
flexibility to model other properties beyond correlations.  
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In many applications, jointly modeling group structure 
and the associations between features within groups can be 
beneficial. In particular, in the presence of strong noise, 
the amount of discernable information can be limiting. In 
such cases, prior knowledge, such as feature associations 
and group structure, can serve as a valuable source of 
information. An area that can enormously benefit from 
incorporation of prior knowledge is functional magnetic 
resonance imaging (fMRI) analysis, which suffers from 
exceedingly low samples-to-features ratio coupled with 
severely noisy data. In a typical fMRI study, multiple 
subjects are recruited and presented with a set of stimuli as 
three dimensional (3D) volumes of their brains are 
acquired at regular time intervals. Brain regions pertinent 
to the experimental conditions will consume oxygen in 
response to stimulus, resulting in changes in signal 
intensity, which are used for inferring brain activation. 
However, the complex confluence of artifacts, such as 
scanner noise, head motions, and oxygenation changes due 
to cardiac and respiratory cycles, greatly hinders accurate 
fMRI analysis. Thus, additional information is critically 
needed for disambiguating signal from noise. 

The standard approach for analyzing fMRI data 
compares the intensity time course of each brain voxel 
independently against an expected response to estimate the 
likelihood of activation [18]. The multivariate nature of 
fMRI data is thus completely ignored. To remedy this 
limitation, classification approaches that enable all brain 
voxels to be jointly analyzed have been explored [19,20]. 
Under the classification framework, the signal intensity of 
each voxel is usually taken as a feature with each brain 
volume treated as a sample [19,20]. The classification task 
is thus to determine the associating experimental condition 
of each brain volume based on its signal patterns. Typical 
fMRI datasets consist of considerably more voxels (~tens 
of thousands) than brain volumes (~hundreds). Hence, 
direct application of standard classifiers, such as support 
vector machines [21] and LDA [22], with all brain voxels 
used as features will likely result in overfitting [19,20]. To 
reduce the dimensionality of the feature space, a common 
strategy is to apply univariate analysis [18] to restrict the 
feature set to only those voxels displaying significant brain 
activation or discriminability [21]. Alternatively, principal 
component analysis (PCA) may be applied to reduce 
feature dimension [23]. However, both of these strategies 
discard the collective discriminant information encoded by 
the voxel patterns, which may lead to suboptimal feature 
selection [13,24-26].  

Recently, there is an increasing interest in applying 
sparsity-enforcing techniques to fMRI classification 
[13,24-27]. However, naively enforcing sparsity may 
result in spurious classifier weight patterns [13,27]. In 
particular, classifier weights derived from enforcing 
sparsity alone often deviate from how brain activity is 
observed to be distributed in localized spatial clusters [13]. 

To encourage spatial contiguity, spatial SVM [28] has 
been proposed. However, this technique assigns weights to 
all input voxels, which renders identification of relevant 
voxels nontrivial. Group sparse penalties have also been 
explored to jointly select spatially proximal voxels as well 
as voxels within brain regions of interest (ROIs) [29]. The 
resulting weight patterns, however, may not be spatially 
smooth, since group sparse penalties do not model the 
relationships between features within each group. Elastic 
net [13] has also been employed but suffers from similar 
limitations [27]. 

In this paper, we present a novel formulation for jointly 
integrating prior knowledge on group structure and feature 
associations into classifier learning. Our main contribution 
is an extension of group LASSO that provides the 
flexibility to model associations between features within 
(predefined) groups. We refer to classifiers built from our 
formulation as “Generalized Group Sparse Classifiers” 
(GGSC), which can be viewed as a group level extension 
of our recently proposed “Generalized Sparse Classifiers” 
[27]. The motivation behind GGSC is rooted from how the 
human brain is functionally organized into specialized 
modules (i.e. in groups of voxels) [30], where spatially 
proximal voxels within each module tend to display 
similar level of brain activity (i.e. feature associations) 
[31]. Thus, in addition to handling noise and the curse of 
dimensionality, GGSC facilitates more explicit modeling 
of prior knowledge. The implications in modeling spatial 
voxel correlations, while enforcing group sparsity are 
investigated. 

2. Proposed Method 

2.1. Problem Formulation 
In a standard classification framework, given N M×1 

feature vectors, xi, i = 1…N, forming the rows of an N×M  
predictor matrix, X, the overall objective is to find the 
corresponding N×1 label vector, l, containing the class 
label li of xi. We assume here that each feature xip can be 
naturally assigned to a group gk ∈G = {g1, …, gK}. In the 
context of fMRI, we treat signal intensity of each brain 
voxel p as a feature xip, and each brain volume as a sample 
xi. Our goal is thus to determine to which experimental 
condition li does each brain volume xi belong. Since the 
human brain is known to be functionally organized into 
specialized neural regions [30], this provides a natural 
grouping of the voxels. Also, the observation that spatially 
proximal voxels tend to jointly activate [31] can serve as 
prior knowledge. Our classifier learning formulation for 
incorporating this prior information on the functional 
organization of the brain is presented next. 
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2.2.  Generalized Group Sparse Classifiers 
During the past decade, an affluence of sparsity-

enforcing techniques has been proposed. Beginning with 
the introduction of LASSO [12], numerous variants 
subsequently followed, including the elastic net [17], 
group LASSO [15,16], and sparse group LASSO [32,33] 
among many others. Although the extension from LASSO 
to its variants often involved only a simple addition of 
other penalties, the effects are quite substantial. For 
example, by adding a ridge penalty to LASSO, Zou et al. 
[17] showed that a “grouping effect” that promotes joint 
selection of correlated features was enabled. Extending the 
elastic net, we proposed combining a “generalized” ridge 
penalty with LASSO to facilitate modeling of properties 
beyond correlations for classifier learning [27]. This 
penalty has also been proposed for penalizing differences 
in successive weights of ordered features in the context of 
regression under the name, “Smooth LASSO” [34]. Other 
examples include hierarchical LASSO, which combines 
LASSO and group LASSO to reintroduce feature-level 
sparsity to group LASSO [32,33]. In our work here, we 
propose augmenting the group LASSO with the 
generalized ridge penalty, so that feature associations 
within groups can be modeled: 

1,2

2
2)( gGGSC aaaJ βα +Γ= , (1) 

where in the context of classification, a is the classifier 

weight vector we are estimating, ∑=
=

K

k
gg k

aa
1 21,2

is the 

original group LASSO penalty, agk  are weights associated 
with features belonging to group gk, and α and β control 
the amount of regularization. Γ is a penalty matrix for 
modeling the associations between features (Section 2.3). 
We note that (1) can be viewed as a generalization of a 
number of widely-used penalties. Specifically, if we 
define each input feature as a group, (1) reduces to the 
penalty used for constructing “Generalized Sparse 
Classifiers” [27]. If we additionally set Γ to the identity 
matrix, the elastic nets penalty [17] is obtained. 
Furthermore, setting α in (1) to zero results in the group 
LASSO penalty [15,16]. 
 To model group structure and feature associations 
during classifier learning, we propose the following 
formulation which consists of the typical misclassification 
cost combined with our proposed penalty (1): 

1,2

2
20)(minˆ ga

aaXafla βα +Γ+−= , (2) 

where f(·) maps Xa to the label space. We have restricted 
our attention to linear classifiers, i.e. y = Xa, so that the 
relative contribution of each feature xip can be directly 
discerned from ap, which is critical for result interpretation 
in fMRI studies [19]. Our strategy for optimizing (2) is 
discussed in Section 2.4. 

2.3. Feature Association Modeling 
To model the associations between features within each 

group gk, we set the elements of Γ such that discrepancies 
in classifier weights between features that are associated 
with each other are penalized. For example, if feature xip is 
associated with features xiq1 and xiq2, we can encourage the 
corresponding classifier weights, ap, aq1, aq2, to have 
similar magnitudes by setting Γ to: 

( )
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:, 112
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p

↑↑↑

−−=Γ

, (3) 

assuming all features are equally important. Nevertheless, 
the relative importance of the features can be straight-
forwardly encoded into (2) by adjusting the penalties 
assigned to different classifier weights. In the context of 
fMRI, we define feature associations based on spatial 
locality. Specifically, we assume that each voxel p is 
associated with its 6-connected spatial neighbors within 
the same brain region gk. This definition of feature 
association models how spatially proximal voxels tend to 
display similar level of brain activity [31].   

2.4. GGSC Optimization 
To efficiently minimize (1), we employ a two-step 

optimization strategy originally proposed in the seminal 
paper by Zou et al. for enforcing sparsity on PCA [35] and 
subsequently extended by Cai et al. to various standard 
classifiers under the name “spectral regression” [11]: 
 

Step 1. Learn the constraint-free optimal projection of the 
training data, X, e.g. using graph embedding (GE) [3]: 

DyWy λ= , (4) 
where y is the projection of X in the subspace defined by 
W [3]. Wij models the intrinsic relationships between 
samples i and j of the training data, and D is a diagonal 
matrix with Dii = ∑jWij. The advantage of GE is that it 
enables various subspace learning algorithms to be used as 
classifiers by simply varying W [3].  
 

Step 2. Determine the classifier weights a such that y and 
Xa are as similar as possible under the desired constraints: 

1,2

2
2

2
2minˆ ga

aaXaya βα +Γ+−= . (5) 
 

Using the above strategy converts the classification 
problem (2) into a regularized regression problem (5). If 
we then transform (5) by augmenting X and y as follows: 
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we obtain the group LASSO regression problem [15,16]: 

1,2

2

2~
~~~~min1ˆ ga
aaXya βα +−+= , (7) 

which can be solved using various existing optimization 
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algorithms [15,16,36-38]. The spectral projected gradient 
technique [38] was employed in our work with parameters 
α and β selected using nested cross-validation [21]. 

2.5. Implementation Details 
 Applying (1) for classifier learning necessitates that the 
input features be meaningfully assigned into groups. In the 
context of fMRI, voxel grouping can be performed by 
dividing the brain into ROIs. One way is to warp a labeled 
atlas to each subject’s brain images to extract the ROIs. 
However, the typically large anatomical variability renders 
this approach prone to mis-registration errors [31]. The 
alternative is to have experts manually segment the ROIs 
[21], which is the approach used in this work. 
 Another issue specific to fMRI studies is that 
temporally adjacent brain volumes, which are used as 
samples, typically display high correlations due to the 
slow hemodynamic response. Thus, assigning adjacent 
brain volumes to both the training and test sets will inflate 
the accuracy estimates. We have thus ensured that brain 
volumes belonging to the same experiment trial were not 
assigned to both the training and test sets in our parameter 
selection and prediction accuracy estimation. 

3. Materials 
The publicly available StarPlus database [39] was used 

for validation. We provide here a brief description of the 
data and the experimental setup for convenience. Further 
details can be found in [21,39]. 

3.1. fMRI Experiment 
In the StarPlus experiment, all subjects performed 40 

trials of a sentence/picture matching task. In each trial, 
subjects looked 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 followed by a 15 s rest period. In half of the 
trials, the picture preceded the sentence, and vice versa. 

3.2. Imaging Data 
fMRI brain volumes were acquired from 13 normal 

subjects at a TR of 500 ms [21]. 6 of the subjects’ data 
were made available online [39]. Each subject’s dataset 
comprised voxel time courses within 25 ROIs that were 
chosen by neuroscience experts. ROIs included the 
calcarine fissure, supplementary motor areas, left inferior 
frontal gyrus, bilateral dorsolateral prefrontal cortex, 
frontal eye fields, inferior parietal lobule, intraparietal 
sulcus, inferior temporal lobule, opercularis, posterior 
precentral sulcus, supramarginal gyrus, superior parietal 

lobule, temporal lobe, and triangularis, which in all 
resulted 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 
[21]. No spatial normalization was performed. 

4. Results and Discussion 
In this work, we considered the classification task of 

discriminating brain volumes associated with a sentence 
from those associated with a picture. We treated the signal 
intensity of each voxel as a feature, and each brain volume 
as a sample. Each sample (feature vector) thus consisted of 
approximately 5000 features (i.e. roughly 5000 voxels 
within the 25 ROIs, Section 3.2). To account for the delay 
in the hemodynamic response [18], we only used the 8 
brain volumes collected 4 s after stimulus onset as 
samples. This results in 320 samples per class, i.e. 8 brain 
volumes by 40 trials, for each subject.  

To validate GGSC, we constructed a spatially smooth 
sparse region LDA (SSRLDA) classifier by first solving 
for y in (4) with: 

⎩
⎨
⎧ ==

=
otherwise

tllm
W jit

ij ,0

,/1
, (8) 

where mt is the number of samples in class t, and D = I 
[11]. We then optimized (2) with Г set in a manner 
analogous to (3) to estimate SSRLDA’s classifier weights. 
For comparison, we also tested LDA [22], linear SVM 
[21], LDA with a LASSO penalty (SLDA), LDA with an 
elastic net penalty (ENLDA), LDA with a group LASSO 
penalty to promote sparsity at the region-level (SRLDA), 
and spatially smooth sparse LDA (SSLDA) [27] on the 
same StarPlus data. Ten-fold cross validation was used to 
estimate prediction accuracy [21]. 
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Figure. 1. Predictive accuracy comparisons. Our proposed 
SSRLDA resulted in the best overall predictive performance over 
all other contrasted methods. This demonstrates the importance 
of modeling the modularity property of the brain and its inherent 
spatial characteristics in fMRI classification.  
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LDA resulted in the lowest average prediction accuracy 
over subjects (Fig. 1), which was likely due to overfitting. 
Using SVM led to a slight improvement in accuracy. 
Controlling overfitting using SLDA also only improved 
accuracy mildly, which might be due to LASSO’s 
limitation on the number of features (i.e. constrained by 
the sample size) [17]. Alleviating this constraint using 
ENLDA further improved predictive performance. 
Grouping voxels into ROIs and sparsely selecting the 
more discriminant ROIs using SRLDA also improved 
accuracy over SLDA, but the increase was miniscule. In 
contrast, explicitly modeling local spatial correlations by 
using SSLDA led to a more substantial accuracy increase. 
Exploiting both group structure and spatial correlations 
using our proposed SSRLDA achieved the best overall 
prediction performance over all contrasted methods with 
an average accuracy of 92.3%. Our results thus suggest 
added benefits in modeling both the modularity property 
of the human brain and its local spatial characteristics.  

In addition to improving predictive performance, 
SSRLDA also provides classifier weight patterns that 
simplify interpretation. A representative axial slice is 
shown in Fig 2. Only an exemplar subject is included due 
to space limitations. Classifier weight patterns of both 
LDA and SVM appeared to be spatially dispersed in a 
random fashion, which substantially deviates from the 
widely-accepted conjecture of how brain activity is 
distributed in local spatial clusters [31]. These results 
illustrate an important yet highly overlooked point in that 
achieving higher predictive accuracy (as obtained with 
SVM compared to LDA) does not necessarily translate 
into more interpretable weight patterns [13]. 
 Using SLDA resulted in overly-sparse weight patterns, 
which was partially overcome with ENLDA. SSLDA 
provided spatially smoother weight patterns than ENLDA, 
but isolation of discriminant brain regions is nontrivial 
since most brain regions contained some voxels with non-
zero weights. Enforcing region-level sparsity using 
SRLDA provided a more clear-cut indication of which 
brain regions were most relevant for the sentence/picture 
classification task. However, the resulting weight patterns 
do not possess the spatially smooth property that SSLDA 
provides. Using SSRLDA generated smoother classifier 
weight patterns than SRLDA, while providing the region-
level sparsity needed for simple identification of 
discriminant ROIs. In particular, the prefrontal cortex, 
which is responsible for verification task (e.g. decide if a 
sentence matches a picture) [40], as well as the visual 
cortex along the calcarine fissure and the temporal lobe, 
which pertain to picture/sentence discrimination [41], 
were correctly selected by SSRLDA. We note that the 
anatomical ROIs likely comprise multiple functionally-
homogeneous sub-regions, where only a subset of these 
sub-regions may be relevant for class discrimination. 
Thus, functionally parcellating the brain into finer regions 

[31] would provide us a more precise localization of the 
discriminant areas while still allowing us to take 
advantage of our prior knowledge on the modular property 
of the brain [30].  
 To quantify the increase in local spatial smoothness 
using SSRLDA as compared to SRLDA, we employed the 
spatial distribution metric (SDM) proposed in [13]: 

∑ ∑=−==
= ∈

−B

b bq
qbbb aQpppHHHSDM

1

1
0 ,log,/ , (9) 

where we divided each subject’s brain into B 3×3×3 bins 
[13]. Q = ||a||1 and H0 = log ||a||0. SDM ∈ [0,1], where 0 
implies that aq are concentrated within one bin and 1 
indicates that aq are evenly distributed across the bins. 
SSRLDA’s SDM (0.5677) was found to be lower than that 
of SRLDA (0.5726), thus quantitatively demonstrating 
that modeling feature associations using SSRLDA 
provided spatially smoother weight patterns than SRLDA. 

5. Conclusions 
We proposed a novel classifier learning formulation that 

jointly exploits the group structure of the data as well as 
the associations between features. Our work amounts to 
augmenting group LASSO with a generalized ridge 
penalty that allows for incorporation of general properties, 
such as the commonly important spatial smoothness 
constraint. Applying SSRLDA, built from our GGSC 
formulation, resulted in enhanced predictive performance 
over state-of-the-art classifiers. In addition, more 
neurologically interpretable classifier weight patterns were 
obtained. From a general classification standpoint, having 
the flexibility to more elaborately model prior knowledge 
can be highly beneficial as demonstrated by our results. 
We believe that GGSC is a significant step forward in 
providing such modeling flexibility. 
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Figure. 2. Classifier weight patterns of contrasted methods. (a) LDA and (b) linear SVM resulted in randomly-distributed weight 
patterns. (c) SLDA generated overly-sparse weight patterns, which was partially alleviated with (d) EN-LDA. (e) SSLDA produced 
spatially smooth patterns, but the patterns do not facilitate clear-cut isolation of discriminant brain regions. (f) SRLDA provided region-
level sparse weightings, but the weight patterns do not possess the spatial smoothness that SSLDA offers. Modeling both group structure 
and feature associations using (g) SSRLDA enabled brain regions pertinent to the picture/sentence classification task to be more easily 
identified. Smoother weight patterns were also obtained as compared to SRLDA, which we quantified using SDM [13]. 
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