Identifying the Latent Active Patterns Underlying the Dynamic Organization of Human Brain
Using Resting-State FMRI
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ABSTRACT

The dynamic organization of human brain functional
networks can be revealed through resting-state fMRI. It is
still an open question about how to determine the essential
factors underlying the dynamic activity of human brain. In
this study, we proposed the assumption that the dynamic
activity of brain was companied with various involvements
of latent active patterns (LAPs). We further supposed that
LAPs were sparsely involved with different brain states. We
modeled the assumptions by adopting a dictionary-learning
framework. An online dictionary learning method was used
to calculate the LAPs and the sparse loading parameters.
Based on the results obtained from the resting-state fMRI
dataset, we found some commonly represented LAPs that
were involved with the default mode network, salience
network and frontoparietal attention network. The sparse
represented LAPs at each time point were related with the
time-varying activity. LAPs provided a new viewpoint to
mine the factors related with the dynamic organization of
brain activity.
Index Terms— dynamic activity, dictionary learning,
resting-state fMRI, LAPs
1. INTRODUCTION
One of the essential features about human brain is the selfadoption with external stimulus. The subsets of brain
networks will be selectively recruited based on different task
demands. It has been found that the dynamic organization
still exists even when the brain only involves internal
activity (resting-state)[1]. Thanks to the advances in the
neuroimaging techniques, especially the functional MRI
(fMRI), it is possible for us to advance the understanding
about dynamic organization of human brain. Here, we
focused on the resting-state that could reflect the intrinsic
organization of human brain. For example, the typical brain
networks, such as default mode networks and salience
network etc., could be observed in the resting-state.
Under the resting-state, sliding-window analysis may be the
most common method to study the connectivity dynamics
[1, 2]. Further, Leonardi et al. have found that the dynamic
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functional connectivity (FC) is better described by multiple
FC patterns derived by sparse constrains [3]. However, the
Pearson correlation, used to estimate the FC in a short
sliding-window, is not robust as the lack of sample points in
each window. Using pairwise FCs as features, the choice of
appropriate regions of interest (ROIs) is also an open
question. On the other hand, Liu et al. has found different
co-activation patterns (CAPs) by performing a temporal
clustering analysis on the time points derived from a
predefined seed region [4]. The CAPs are considered to
reflect the dynamic information of functional networks.
However, each time point is attributed to one kind of CAP.
There might be sharp state changing between two neighbor
time points if they belonged to different kinds of CAPs,
which was against with the slow and continuous change of
hemodynamic response of brain.
From the previous studies, we learned that using sparse
constrains could better describe the dynamic FC and the
clustering of time points could derive underlying coactivation patterns [3, 4]. Inspired by these ideas, we
proposed a novel assumption that the brain activity at each
time point was composed of subsets of LAPs. The LAPs
were defined as the spatial activity maps without
involvement of short sliding-window. The subsets of LAPs
could be expressed in the same time point with different
weights. We modeled our assumption by a dictionarylearning framework that could learn the LAPs and the sparse
representation of LAPs simultaneously. Results obtained
from the resting-state fMRI dataset showed that the LAPs
were related with the conventional functional networks,
especially the default mode network. The sparse
representation of LAPs accounted for the time-varying
activity in the brain.
2. MATERIALS AND METHODS
2.1. Participants and Data Acquisition
Thirty-one healthy subjects were included in the analysis
(age range 18-32 years, mean age 24.01 years, 7 females).
The data were part of normal controls from the Autism
Brain Imaging Data Exchange, found in the following link
(http://fcon_1000.projects.nitrc.org/indi/abide/). Data were

1299

collected on a Siemens 3 Tesla Allegra scanner. Restingstate fMRI scan included 180 continuous EPI functional
volumes (33 slices; TR = 2000ms; TE = 15ms; flip angle =
90; FOV = 240 mm; acquisition voxel size = 3×3×4 mm;
duration: 6 minutes).
2.2. Preprocessing
ABIDE provided the preprocessed resting-state fMRI data
with careful quality control. In detail, the preprocessing
steps included slice-timing correction, motion realignment,
intensity normalization to 1000, nuisance signal regression
(including 24 motion parameters, 5 CompCorr signals,
linear trend and quadratic trend) and temporal band-pass
filtering (0.01–0.1Hz). The data were normalized to
Montreal Neurological Institute (MNI) 152 stereotactic
space (3×3×3 mm) with linear and non-linear registrations
and spatially smoothed (applied full width at half maximum
as 6mm). We restricted our analysis in the cerebral cortex
by using the Harvard-Oxford max-probability cortical
atlases with 0.25-probability (kindly provided by the
Harvard Center for Morphometric Analysis).
2.3. Dictionary learning
We modeled our assumption as a dictionary-learning
problem. The data on the jth time point of the ith subject
V 1

j

was defined as x i  R
. V was the number of voxels
contained in the brain mask. Here, the 3D volume data at
each time point was transformed into column vector. The
time-series data for the ith subject were defined as
1
2
T
V T
. T was the number of time
X i   x i , x i , , x i   R
points. We temporally concatenated the data from all
subjects
to
define
the
integrated
dataset
as
V  TN
N
.
was the number of
X 0   X 1, X 2 , , X N   R

subjects. We further defined the group-wise LAPs as

solve S or fixed S to solve L , the problem became convex
at each separate step. Therefore, an alternative optimization
was adopted. When fixed L , Lasso was adopted to solve S .
Then, fixed S , a block-coordinate descent approach was
used to optimize L . Here, we adopted SPArse Modeling
Software (SPAMS, http://spams-devel.gforge.inria.fr/) to
solve the above optimization problem.
2.4. Choice of  and k
The regularization parameter and the number of LAPs were
determined by evaluating the consistency between the
learned group-wise LAPs and the subject data. More
specially, we adopted the canonical correlation analysis
(CCA) to calculate the relationship between the learned
LAPs and each subject. The mean of the first CCA
correlation parameters across subjects was used to reflect
the consistency, which was defined as the following
function:
1 N
m ean _ C C A _ r 
 C C A( L , X i )
N i
where CCA (  ) was the first CCA correlation parameter
between two sets of variables. If the learned LAPs reflected
the common features across subjects, the first CCA
correlation parameter should be large between LAPs and
any subject data. Correspondingly, a large mean value
would be obtained. Here, we tried different sets of
parameters as:
  [0.01, 0.03, 0.05, 0.08, 0.1, 0.2, 0.3, 0.4, 0.5, 0.6, 0.7, 0.8]
and
k  [5,10, 20, 30, 40, 50] .
3. RESULTS AND DISCUSSION
3.1. Choice of  and k

. k was the number of LAPs.
L   l1 , l 2 , , l k   R
In detail, we prepared to learn the LAPs by factorizing
X 0  L  S with sparsity-constrain on S . More specially,
the problem of jointly learning the LAPs and the
corresponding sparse representation could be formulated as:
V k

TN

arg m in  ( x t  L  s t
L ,S

t 1

where S   s1 , s 2 ,

2

  s t 1 ), s .t . l i

, sTN   R

k  TN

2

1

were the loading

parameters for LAPs.  was the regularization parameter.



2

was l 2 norm. 

1

was l1 norm. To solve the above

problem, we adopted the online dictionary learning method
[5]. The above optimization problem was not convex for
solving L and S simultaneously. However, if we fixed L to

Figure1. The mean of the first CCA correlation parameters
between the learned LAPs and subject data. The vertical
axis was corresponding with the mean of CCA correlation.
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Figure1 showed the mean of the first CCA correlation
parameters between the learned LAPs and subject data, with
different sets of  and k . For  , we could observe that
  0.1 was corresponding with the max mean values for
k  [5,10, 20, 30] . Although   0.1 was not
corresponding with peak when k  [40, 50] , it was just
close to the peak (the top two line in Figure 1). Here, we
chose  as 0.1 to provide the same regularization parameter
for different k .
In addition, we found that k could not be determined based
on the mean of CCA correlation. With the increment of k ,
the mean of CCA correlation was also increased. However,
we tried to find out some basic property about the parameter
k .We observed the sparse representation of LAPs across
the time series with different k and   0.1 . In order to
show the sparse loading parameters clearly, we set the nonzero loading parameters as one. The results were shown in
Figure2.

ongoing activity. These LAPs should similarly distribute on
the cortex. We tried to validate this inference in next step.

Figure3. The number of time points that a LAP participated
in with   0.1 . The vertical axis was corresponding with
the number of time points. The label in horizontal axis was
the label of different LAPs. The dotted line was used to
show the top five commonly seen LAPs (It was top four
LAPs with k  5 ).
3.2. The commonly represented LAPs

Figure2. The sparse representation of LAPs in each time
points with   0.1 . The horizontal axis was corresponding
with the time points concatenated across subject. The label
in vertical axis was the label of different LAPs. Color: white
meant one; black meant zero.
Although the choice of k was different, only a few LAPs
commonly represented across subjects. For example, the
third, fourth, fifth and eighth LAP only showed up in limited
time points when k was set as 10. To better show the
commonly represented LAPs, we calculated the number of
time points that a LAP participated in. The results were
shown in Figure3. It had been clearly found that only 4~5
LAPs were commonly represented across time series,
although the parameter k was different. Therefore, we
offered a preliminary inference that the commonly
represented LAPs reflected some basic properties about the

We took the LAPs derived with parameter k  10 as an
example to show the spatial distribution of the commonly
represented LAPs and the relationship between the common
LAPs derived with different k .
As shown in the right side of Figure3 top panel, we defined
the LAPs, labeled as 1, 6, 7, 9 and 10, as the common ones.
These LAPs were shown in Figure4.
The relationship between common LAPs derived by
different parameter k was shown in Figure 5. The
relationship between two LAPs was reflected by the
absolute Pearson correlation value of the two LAPs. We
found that the common LAPs derived with k  10 were
similar with other commonly seen LAPs derived with
various k values.
The commonly represented LAPs were mainly involved
with the default mode network (DMN), the salience network
(SN), the frontoparietal attention network (FPN) and visual
network (VN). These networks were the conventional
functional networks that were supposed to make up the
brain’s large-scale functional architecture. DMN was found
to be anti-activated with SN and FPN.
3.3. The dynamic oscillation of common LAPs
We still took the LAPs derived with k  10 as an example.
The sparse load parameters of subject 1 for the LAPs
labeled as 1 and 7 were shown in Figure 6. We found that
the two LAPs could show up in the same time point rather
forcing each time point to have only one label. The
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representation of LAPs oscillated slowly without sudden
changing. The complex combination of different LAPs
might be the underlying factors related with the dynamic
activity across time points.

Figure5. The spatial correlation between the common LAPs
with k  10 and other common LAPs with different k .
  0.1 .

3.4. Discussion
Our approach assumed the temporal sparse representation of
the LAPs to detect the underlying factors related with the
dynamic organization of human brain. Compared with other
studies using the assumption of spatial sparse pattern or
sparse FC pattern to study the sparse spatial distribution of
the brain activity [6, 7], our approach took the advantage of
the temporal sparsity to study the temporal dynamic activity
of human brain. In addition, the commonly used spatial-ICA
approach could also find the co-activation spatial pattern.
However, the loading parameters for each component were
non-zero, which made it difficult to explain the time-varying
pattern of involvement of components in each time point. In
future, we would extend our approach to detect the subjectlevel LAPs. For example, we could try to calculate the
subject-level LAPs and cluster them to generate the grouplevel LAPs.

Figure6. An example of the activity of LAPs. We chose the
subject 1 as the sample to show the complex relationship
between two LAPs.   0.1 and k  10 .
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