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ABSTRACT

A dictionary learning (DL)-based method for analyzing mul-
tiple functional magnetic resonance imaging (fMRI) data sets
is developed. The algorithm can incorporate subject group in-
formation to extract neural activation maps indicative of the
group differences and the maps shared across groups. Fur-
thermore, multiple data sets are jointly analyzed to obtain the
maps common across data sets and those unique to individual
data sets. For this, a novel structured supervised DL problem
is formulated. Numerical tests on synthetic and real fMRI
data sets verify the effectiveness of the proposed method.

Index Terms— Dictionary learning, fMRI data analysis,
group sparsity, multiset analysis.

1. INTRODUCTION

Functional magnetic resonance imaging (fMRI) is a tech-
nique for capturing brain activities noninvasively through
blood oxygenation level dependent (BOLD) neurovascular
coupling. To analyze the fMRI data, model-driven methods
such as the general linear model (GLM) employ a postulated
hemodynamic response function to regress spatial neural ac-
tivation maps incurred by given temporal stimuli. On the
contrary, data-driven approaches make minimal assumptions
on the data to obtain neural activations.

Representative data-driven fMRI data analysis techniques
include independent component analysis (ICA) and dictio-
nary learning (DL). ICA postulates that the data is gener-
ated through a linear combination of statistically independent
component maps. Various ICA-based algorithms have been
developed to tackle multisubject fMRI data to estimate acti-
vation maps that are shared or statistically dependent among
subjects [1]. The DL approach, on the other hand, assumes
that component activation maps are sparse. The DL frame-
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work is flexible to incorporate additional prior information
such as structural sparsity or label information [2].

The focus of this work is on jointly analyzing multiple
fMRI data sets. For example, multiple task-based fMRI data
sets acquired while performing various tasks can provide
complementary views to brain activities. Identification of
common and distinct components through multiset analy-
sis can help understand the underlying relationship among
the data sets [3]. Several ICA-based approaches to perform
multiset fMRI data analysis have been developed, where
common activations across multiple data sets were found in
addition to the distinct activation maps unique to individual
data sets [4, 5]. However, the methods did not incorporate
subject group information at the map estimation stage.

In this work, we propose a DL-based multisubject mul-
tiset fMRI data analysis method that can incorporate subject
group information as well as commonality across data sets.
A structured supervised DL problem is formulated, where the
group attributes are incorporated through Fisher’s discrimi-
nant cost [6], while group-sparsity constraints are employed
to capture shared traits across data sets [7].

Notations: The i-th row, the j-th column, and the pi, jq-
entry of a matrix A are denoted by Api, :q, Ap:, jq, and
Api, jq, respectively. The Frobenius norm, the `1-norm, and
the `1,2-norm of A is defined as }A}F :“

b

ř

i,j Api, jq
2,

}A}1 :“
ř

i

ř

j |Api, jq|, and }A}1,2 :“
ř

i

b

ř

j Api, jq
2 “

ř

i }Api, :q}2, respectively. The transpose of A is denoted by
AJ, and the trace of matrix A is denoted by trtAu.

2. SUPERVISED DL FOR FMRI DATA ANALYSIS

Given a fMRI dataset X P RMˆV involving M subjects and
V voxels, DL finds sparse matrix Z P RKˆV in which the
rows capture K sparse neural activation maps and dictionary
D P RMˆK that includes the corresponding subject-wise
weights for the individual spatial maps, such that X « DZ.

When subject group information is available, one can
incorporate the information in the framework of supervised



DL. Let the M subjects be partitioned to C classes with Mc

denoting the set of indices of the subjects that belong to class
c, for c “ 1, . . . , C . Let Mc be the number of subjects in
Mc with

řC
c“1Mc “ M . Denote as qm the feature vector

of subject m for m “ 1, 2, . . . ,M . Then, one can define the
per-class centroid mc :“ M´1

c

ř

mPMc
qm and the overall

centroid m :“ M´1
řM

m“1 qm. With Q :“ rq1, . . . ,qM s,
we define also the within-class scatter matrix Sw and the
between-class scatter matrix Sb as

SwpQq :“
ÿC

c“1

ÿ

mPMc

pqm ´mcqpqm ´mcq
J (1)

SbpQq :“
ÿC

c“1
Mcpmc ´mqpmc ´mqJ (2)

respectively. Fisher’s discriminant cost can then be defined as

fpQq :“ trtSwpQqu ´ trtSbpQqu ` }Q}
2
F . (3)

Thus, by minimizing fpQq, the features tend to cluster to-
gether within the same class and disperse apart across differ-
ent classes. The last term in (3) ensures that fpQq is convex
with respect to (w.r.t.) Q.

To formulate a supervised DL problem for fMRI data,
Z is split into group-discriminative maps rZ P RĂKˆV and
non-discriminative maps sZ P RĎKˆV as Z :“ rsZJ, rZJsJ,
where rK ` sK “ K. One can also partition D compatibly
as D “ rsD, rDs, where the rows of rD represent the discrim-
inative features for the individual subjects. Thus, rDJ can be
used as the input to the Fisher’s cost as fprDJq. Then, super-
vised DL is formulated as [2]

min
D,Z

1

2
}X´DZ}2F ` λ}Z}1 `

µ

2
fprDJq (4a)

s.t. D P D :“ trd1, . . . ,dKs : }dk}2 ď 1,@ku (4b)

where the first term in (4a) fits the factorization DZ to data X,
and the second term encourages sparsity in Z. The strengths
of the regularizers are adjusted by nonnegative parameters λ
and µ. The constraint (4b) ensures that the scaling ambiguity
inherent in bi-factorization is resolved.

3. SUPERVISED DL FOR MULTISET ANALYSIS

When more than one fMRI dataset is available for the same
set of subjects, performing a joint analysis of the multiset
fMRI data is useful. Suppose that there are S fMRI datasets,
with Xs P RMˆV being the s-th dataset for s “ 1, . . . , S.
Then the goal of joint DL analysis is again to factorize Xs

into Xs « DsZs, with sparse maps in Zs and corresponding
weights in Ds.

It is natural to expect that there are common neural acti-
vation maps across data sets and maps unique to individual
data sets. Group sparsity priors can be employed to relate the
common maps across data sets [8]. Thus, considering both

𝐗! 𝐃!" 𝐃#"𝐃$" 𝐃%"
𝒁!"
𝒁#"

𝒁$"

𝒁%"
×≈

𝑀!

𝑀"

𝑉 𝐾!𝐾"𝐾#𝐾$ 𝑉

$ !

$ !,"

…𝑆

𝑓(⋅)

Fig. 1. Proposed structured DL model when there are two
classes of M1 and M2 samples, respectively, and S data sets.

the subject groups and the multiple datasets, one can esti-
mate four types of maps: (m1) maps that are common across
datasets and shared across subject groups; (m2) maps that
are common across datasets but discriminative across groups;
(m3) maps that are distinct across datasets as well as group-
discriminative; and (m4) maps that are distinct across datasets
but shared across groups. Accordingly, we partition each map
matrix Zs as

Zs :“ rpZs
1q
J, pZs

2q
J, pZs

3q
J, pZs

4q
JsJ, s “ 1, . . . , S (5)

where K “
ř

iKi, and Zs
i P RKiˆV , for i P t1, . . . , 4u,

captures in its rows Ki maps of type (mi). Similarly, a com-
patible partition of Ds is defined as

Ds :“ rDs
1,D

s
2,D

s
3,D

s
4s, s “ 1, . . . , S (6)

with Ds
i P RMˆKi representing the weights for maps

of type (mi). Collect also the group-discriminative fea-
tures (corresponding to types (m2) and (m3)) in rDs :“
rDs

2,D
s
3s P RMˆK23 , where K23 :“ K2 ` K3, upon

which Fisher’s cost is imposed. Next, aggregate the maps
that are distinct across datasets (map types (m3) and (m4))
in rZs :“ rpZs

3q
J, pZs

4q
JsJ P RK34ˆV for each s, with

K34 :“ K3 `K4, which simply needs to be (element-wise)
sparse, as is expected for neural activations. Finally, with
K12 :“ K1 `K2, define

sZv :“

„

Z1
1p:, vq,Z

2
1p:, vq, . . . ,Z

S
1 p:, vq

Z1
2p:, vq,Z

2
2p:, vq, . . . ,Z

S
2 p:, vq



P RK12ˆS (7)

which collects the v-th voxels of all maps common across
datasets (types (m1) and (m2)) for s “ 1, . . . , S. We impose
row-wise group-sparsity on sZv to encode the prior that they
have shared support across datasets, as they share similar ac-
tivation patterns. Then the formulated structured supervised
DL problem is given by

min
tDsPDu,tZsu

ÿS

s“1

"

1

2
}Xs ´DsZs}2F `

λ1
2
f
`

prDsqJ
˘

`λ2}rZ
s}1

)

`
ÿV

v“1
λ3} sZv}1,2 (8)

where λ1, λ2, and λ3 are pre-specified nonnegative parame-
ters adjusting the strengths of the regularizers. Fig. 1 illus-
trates the structured DL model.



Method
Step height

0.7 0.9 1.1 1.3 1.5

Supervised DL [2] 66% 68% 70% 73% 77%
Proposed method 82% 82% 90% 96% 96%

Table 1. Average classification accuracies.

Method
Step height

0.7 0.9 1.1 1.3 1.5

Supervised DL [2] 0.79 0.81 0.82 0.85 0.87
DS-ICA [5] 0.90 0.91 0.93 0.93 0.94

MCCA-jICA [9] 0.90 0.91 0.91 0.91 0.91
Proposed method 0.92 0.92 0.95 0.95 0.95

Table 2. Average correlation coefficients between the esti-
mated and the true maps.

Problem (8) is not convex w.r.t. tDsu and tZsu jointly,
but with one set of variables fixed, the problem is convex w.r.t.
the other set of variables. Thus, the block coordinate descent
(BCD) method can be applied to derive an efficient algorithm.

4. NUMERICAL EXPERIMENTS

The proposed formulation was tested using synthetic and real
data sets. For comparison, the supervised DL formulation in
(4) as well as two ICA-based algorithms were tested.

4.1. Test with Synthetic Data Sets

Three synthetic data sets were generated containing four types
of maps and two groups of subjects with K1 “ K2 “ K3 “

K4 “ 3 and M1 “ 138, M2 “ 109. All entries in tDsu and
tZsu were initialized with standard Gaussian random vari-
ables, where each pair of the common maps had a correlation
coefficient of 0.95, and the rest of the random variables were
independently distributed. Then, 50% of the entries in the
maps were randomly set to zero to simulate sparsity. To sim-
ulate the group difference, a step of height h was added to
each element of the discriminative dictionaries corresponding
to the second group. Table 1 lists the accuracies in predicting
the subject groups from the supervised DL method in (4) and
the proposed method. Our structured DL method achieves
higher accuracies for various values of h. In Table 2, the cor-
relation coefficients between the estimated and the true maps
averaged over all maps from different algorithms are reported.
It can be seen that our method provides the best map estima-
tion performance.

Fig. 2 depicts the correlation coefficients between every
pair of the true and the estimated maps for each data set for
the proposed method. Since the maps 1´ 3, 4´ 6, 7´ 9, and
10´12 are of types (m1), (m2), (m3), and (m4), respectively,
for both the true and the estimated tZsu, the figure visualizes
the true and the identified map types as well. It is observed
that all but two map types have been correctly identified in
each data set. The permutation and the sign ambiguities are
inherent in bi-factorization methods. Notably, all the common
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Fig. 2. Correlation coefficients between the true and the es-
timated maps. Maps 1-3, 4-6, 7-9, and 10-12 are type (m1),
(m2), (m3), and (m4) maps, respectively.

maps (Maps 1´6) have been correctly identified thanks to the
group sparsity constraint.

4.2. Test with Real Data

The method was also validated on three real fMRI data sets
from Mind Research Network Clinical Imaging Consortium
Collection [10]. The data sets were collected when subjects
were performing the auditory oddball (AOD), Sternberg item
recognition paradigm (SIRP), and sensory-motor (SM) tasks,
respectively. The data set contains M1 “ 138 healthy con-
trols and M2 “ 109 schizophrenic subjects. The parame-
ters were tuned based on the classification accuracy, which
yielded λ1 “ 0.1, λ2 “ 0.005, λ3 “ 0.006,K1 “ 8,K2 “

25,K3 “ 3, and K4 “ 3. Our method obtained an accuracy
of 82%, with DS-ICA yielding 75%.

In Fig. 3, selected maps estimated from the proposed
method are shown. First, it can be seen that the p-values for
non-discriminative maps ((m1) and (m4)) are indeed larger
than 0.05. The (m2) maps, which are common and discrim-
inative, are often interpretable. For example, map k “ 20
suggests a link between the activation in the auditory cortex
and schizophrenia [11]. As the AOD and the SM tasks are
auditory tasks, their maps associated with the auditory cortex
show stronger group differences than the corresponding SIRP
map. Similarly, maps 25, and 32 seem to indicate the linkage
of the activations in the left and the right central executive
networks (CENs) [12], respectively.

Due to the sparsity prior, our DL method extracts more lo-
calized activations than ICA-based methods. The last column
in Fig. 3 depicts the motor region from DS-ICA, which is split
into maps 28 and 29 in our algorithm. Interestingly, map 29
is discriminative in all tasks, while map 28 is discriminative
only in the AOD task. Finally, our method could find map 24,
which is a meaningful component and is highly significant in
AOD and SM, which seems not to be obtained by DS-ICA.

5. CONCLUSION

A DL-based method for analyzing multiset fMRI data incor-
porating subject group information has been proposed. The
group attributes were used to estimate the component neu-
ral activation maps that are discriminative across groups as
well as those shared among groups in a supervised DL frame-
work. Also, the maps that are common across data sets and
unique to individual data sets were extracted employing a



Fig. 3. Selected maps and their p-values from the proposed and the DS-ICA methods. Significant p-values are highlighted. The
warm colors in the maps indicate higher activation in the controls and the cold colors the opposite. Some maps with types (m1)
and (m2) have flipped signs, which is attributed to very small magnitudes of the t-statistics associated with the maps.

group sparsity-based structural prior. Numerical tests with
synthetic and real fMRI data showed that the method can find
four types of maps as designed, with promising performances
in terms of group prediction accuracy, map estimation quality,
and finding interpretable maps.
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