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Abstract. The human brain function involves complex processes with 
population codes of neuronal activities. Neuroscience research has 
demonstrated that when representing neuronal activities, sparsity is an 
important characterizing property. Inspired by this finding, significant amount 
of efforts from the scientific communities have been recently devoted to sparse 
representations of signals and patterns, and promising achievements have been 
made. However, sparse representation of fMRI signals, particularly at the 
population level of a group of different brains, has been rarely explored yet. In 
this paper, we present a novel group-wise sparse representation of task-based 
fMRI signals from multiple subjects via dictionary learning methods. 
Specifically, we extract and pool task-based fMRI signals for a set of cortical 
landmarks, each of which possesses intrinsic anatomical correspondence, from 
a group of subjects. Then an effective online dictionary learning algorithm is 
employed to learn an over-complete dictionary from the pooled population of 
fMRI signals based on optimally determined dictionary size. Our experiments 
have identified meaningful Atoms of Interests (AOI) in the learned dictionary, 
which correspond to consistent and meaningful functional responses of the 
brain to external stimulus. Our work demonstrated that sparse representation of 
group-wise fMRI signals is naturally suitable and effective in recovering 
population codes of neuronal signals conveyed in fMRI data.   
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1 Introduction 

The human brain function intrinsically involves complex processes with population 
codes of neuronal activities [1-2, 4]. In the neuroscience community, a large amount 
of research has supported that when determining neuronal activity, sparse population 
coding is an effective exploration [3]. For example, the primary visual cortex V1 
receives image signals with a sparse set of sensory neurons [2], and similarly, the 
middle temporal lobe (MTL) neurons fire selectively to visual stimulus [4]. In other 
words, a sparse set of neurons encode specific concepts rather than responding to the 
input independently [3]. Inspired by these findings, significant amount of research 
efforts from the machine learning and pattern recognition fields has been recently 
devoted to sparse representations of signals and patterns, and remarkable 
achievements have been made [5]. 
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In general, fMRI neuroimaging takes the advantage of the coupling between 
neuronal activities and hemodynamics in the human brain, and thus fMRI signals, in 
principle, represent the population codes of large-scale neuronal activities. Given the 
remarkable successes of sparse representations in the machine learning and pattern 
recognition fields [5], in which the achievements were originally inspired and 
motivated by brain sciences discoveries, it is natural and well-justified to explore 
sparse representation of fMRI signals and the associated brain activity patterns. In the 
literature, there have been several pioneering efforts along this direction. For instance, 
a data-driven sparse coding fMRI analysis approach with K-SVD method and general 
linear model were developed to extract more accurate individually adaptive activation 
patterns in [6]. In [7], the authors used the Fisher Discriminative Dictionary learning 
(FDDL) method to cluster and differentiate functional brain states in resting and 
under task performance based on resting state fMRI and task-based fMRI datasets [7]. 
However, there have been very few studies that aim to examine the sparse 
representation of fMRI signals at the population level and to investigate how atoms in 
the learned sparse dictionary correspond to meaningful functional brain responses.  

To address the above questions, in this paper, we design and apply a novel group-
wise sparse representation framework for task-based fMRI signals from multiple 
subjects via dictionary learning methods. Specifically, we employ an effective online 
dictionary learning method [8] to learn an over-complete dictionary for group-wise 
sparse representation of the fMRI signals pooled from large-scale corresponding 
cortical landmarks of a group of subjects. For each subject, we adopted the publicly 
available DICCCOL (Dense Individualized and Common Connectivity-Based 
Cortical Landmarks) system [9] to locate 358 consistent cortical landmarks based on 
DTI data. Since the 358 DICCCOLs have been shown to possess intrinsic structural 
and functional correspondence across subjects [9], we extract fMRI signals for each 
of them across a group of subjects and then the pooled fMRI signals are used to learn 
a dictionary for group-wise sparse representations based on optimally determined 
dictionary size. The major advantage of using DICCCOL is that the small set of 
samples reduce the computing consume for group analysis, and the anatomical 
correspondence enable statistical exploration to the spare representation. Applications 
of this novel framework on a working memory task-based fMRI dataset [10] have 
identified meaningful Atoms of Interests (AOI) in the learned dictionary, 
corresponding to consistent and meaningful functional responses of the brain to 
block-based external stimulus.  

2 Materials and Methods 

2.1 Overview 

Our novel computational framework of group-wise sparse representation of fMRI 
signals is summarized in Fig.1. First, 358 corresponding DICCCOL landmarks 
(Fig.1a) are localized and optimized on DTI datasets of all subjects via the methods in 
[9]. For each subject, after the linear intra-subject image registration of DTI and fMRI 
data, we extract task-based fMRI signal for each landmark. Then, the signals of 358 
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Table 1. The number of DICCCOLs of each group within the activation areas. The 2nd row is 
the total number of each DICCCOL group using different AOIs. The following four rows are 
the overlaid numbers with activations detected with different z-value thresholds. 

Used 

AOIs #217 #6 #279 #381 

#217 

&#6 

#217 

&#279 

#217 

&#381 

#6 

&#279 

#217,#6 

&#279 

#217,#279 

&#381 

Total 83 13 7 4 12 4 10 1 2 1 

z=2.5 37 1 3 2 9 3 6 0 1 1 

z=3.0 33 1 2 2 9 3 6 0 1 1 

z=3.5 23 1 1 2 7 3 5 0 1 0 

z=4.0 14 0 1 1 6 3 5 0 1 0 

 
 
For quantitative comparison, we selected activation foci with different z-value 

thresholds, and the DICCCOL numbers of the 10 groups that are within the yellow 
activation maps are presented in Table 1 (Rows 3-6). By comparing the total number 
of the 10 groups in the 2nd Row, we can see that even with a relatively low threshold 
(z-value=2.5), the traditional method by FSL FEAT can only detect a limited number 
of the selected DICCCOL landmarks that possess reference to AOI #217 with similar 
pattern as the stimulus curve. Also, it performs even poorer in detecting DICCCOLs 
that have other activity pattern (AOIs #6, #279 and #381). These results support that 
group-wise decoding of fMRI activity using sparse coding is much more robust to 
noise than GLM-based activation method, and is much more adaptive in decoding 
multiple task-related fMRI activity patterns. 

4 Conclusion 

We have described a novel group-wise sparse representation framework for task-
based fMRI signals pooled via consistent DICCCOL landmarks, and demonstrated by 
extensive experiments that the framework can recover consistent and functionally 
meaningful atoms that represent population codes in task-based fMRI data. Our work 
demonstrated that sparse representation is effective in representing task-based fMRI 
signals and functional brain activity patterns. Thus, our work offers a promising 
general framework for representation and modeling of fMRI data.   
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