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Abstract
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A common assumption in the study of brain functional connectivity is that the brain network is
stationarity. However it is increasingly recognized that the brain organization is prone to variations
across the scanning session, fueling the need for dynamic connectivity approaches. One of the
main challenges in developing such approaches is that the frequency and change points for the
brain organization are unknown, with these changes potentially occurring frequently during the
scanning session. In order to provide greater power tso detect rapidly evolving connectivity
changes, we propose a fully automated two-stage approach which pools information across
multiple subjects to estimate change points in functional connectivity, and subsequently estimates
the brain networks within each state phase lying between consecutive change points. The number
and positioning of the change points are unknown and learned from the data in the first stage, by
modeling a time-dependent connectivity metric under a fused lasso approach. In the second stage,
the brain functional network for each state phase is inferred via sparse inverse covariance matrices.
We compare the performance of the method with existing dynamic connectivity approaches via
extensive simulation studies, and apply the proposed approach to a saccade block task fMRI data.
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1.

Introduction
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Neuroimaging studies have proved to be a pivotal tool for understanding the neurobiological
basis of cognitive and behavioral outcomes in psychiatric studies, as well as for examining
the pathophysiological mechanisms and the atypical brain development underlying mental
disorders (Biswal et al., 1995; Greicius et al., 2003; Fox et al., 2005; Smith et al., 2009,
among others). Traditional neuroimaging studies focus on identifying brain regions which
are activated with respect to a certain task or outcome; however, in recent years, there has
been a shift from region-based analyses to models involving brain networks. There have
been some prominent findings which point towards the promise of brain functional network
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connectivity as an imaging biomarker which can be predictive of mental illnesses (Wang et
al., 2007; Woodward and Cascio, 2015; Plitt et. al., 2015).
Many functional connectivity modeling approaches have been proposed, including
independent component analysis (ICA) (McKeown et al., 1998,; Hyvarinen and Oja, 2000;
Calhoun et al., 2001; Guo and Pagnoni, 2008; Beckmann and Smith, 2004, 2005; Guo,
2011), pairwise correlation analysis (Stam et. al., 2007; Suprekar et. al., 2008), partial
correlation analysis (Salvador et. al., 2005) and sparse inverse covariance or precision matrix
estimation (Huang et. al., 2009). Among those methods, precision matrix estimation was
found to be one of the most successful approaches (Smith et. al., 2011; Wang et al., 2016),
which can distinguish a true, direct functional connection from anapparent connection
between two nodes, caused via confounding by a common third party node.

Author Manuscript
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A key assumption which is common across all the aforementioned approaches is that the
functional connectivity remains stationary during the whole scanning session. However, an
increasing number of recent findings provide evidence on the dynamic nature of brain
functional organization (Hutchinson et. al, 2012; Hellyer et. al, 2014). In particular, taskrelated imaging studies have shown that the brain networks will re-organize when the
subjects undergo different modulations of the experimental tasks during the scanning session
(Chang and Glover, 2010). Accurate detection and characterization of temporal variations in
functional connectivity due to underlying neurobiological causes are not necessarily
straightforward using the observed fMRI BOLD signals. Many non-neural related factors,
such as low signal-to-noise ratio in the fMRI data, changing levels of non-neural noise
resulting from background cardiac and respiratory processes and hardware instability, as
well as variations in the BOLD signal mean and variance over time, can induce temporal
variations (Hutchinson et. al., 2013; Lindquist et. al, 2014). Recently, studies are beginning
to identify potential correlates of temporal variations in functional connectivity in
simultaneously recorded electrophysiological data (Allen et al., 2013; Chang et al., 2013),
behavior (Thompson et al., 2013), and disease status (Jones et al., 2012; Sakoglu et al.,
2010). This recent evidence points to an underlying neuronal basis for temporal variations in
functional connectivity which is linked with changes in cognitive and disease states, and
provides a strong motivation for detailed investigation of dynamic brain connectivity.

Author Manuscript

Arguably, the most commonly used strategy for examining dynamic functional connectivity
has been a sliding window approach (Allen et al., 2013; Chang and Glover, 2010;
Handwerker et al., 2012; Jones et al., 2012; Sakoglu et al., 2010; Li et. al., 2013; Monti et.
al., 2014; Liam et. al., 2015). While the sliding window technique is a valuable tool for
investigating temporal dynamics of functional brain networks, there are some known
limitations associated with this approach (Lindquist et. al, 2014) such as the choice of
window length. In particular, a narrow window length will lead to a small number of time
scans from which to estimate the brain networks in each state phase, potentially resulting in
poor brain network estimates, whereas a large window length may overlook short term
changes in the brain network. In addition, the sliding window techniques require secondary
criteria to determine if variations in the edge structure are significant, which may not be
straightforward to implement. For example, in a recent work by Hindriks et. al (2016), it was
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shown that dynamic functional connections were almost impossible to detect using slidingwindow correlations.
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Dynamic functional connectivity is often conceptualized as a collection of state phases
corresponding to various modulations in the brain, wherein the brain network remains
relatively stationary within a state phase, but changes across different phases (Hutchinson et.
al., 2013). This viewpoint can be suitably characterized by a change point model, which
specifies the functional connectivity between two brain regions as a piecewise constant
function over time with jumps at different change points (Cribben et. al., 2012, 2013; Lian
et. al, 2015; Xu and Lindquist, 2015). Although existing change point models for dynamic
functional connectivity have been somewhat successful in describing the temporal changes
in the brain network, there are some existing challenges which involve the detection of
rapidly evolving brain organization, that can change within as little as 30–60s (Sakoglu et
al., 2010; Shirer et al., 2012; Jones et al., 2012). Such rapid fluctuations will divide the
scanning period into a collection of narrow state phases, each containing only a few time
scans from which to estimate the brain network, which is likely to violate an inherent
assumption in existing approaches requiring a minimum number of scans between
consecutive change points. A potential remedy is to pool information across multiple
subjects as suggested by Hindriks et. al. (2016), who showed an increase in power for
detecting brain connections by averaging over multi-subject data.

Author Manuscript

We propose a novel and fundamentally different change point model to detect temporal
variations in the group level brain functional connectivity by combining data across multiple
subjects. The proposed two-stage data-driven approach automatically estimates the number
and locations of the change points from the data, as well as the time-varying brain network.
The first stage estimates a connectivity metric at each time point based on multi-subject
fMRI data and detects change points as shifts in the time series of this connectivity metric
under a fused lasso approach. In the second stage, we use sparse inverse covariance matrix
estimation to infer a distinct brain network for each state defined by the estimated change
points. In addition, we introduce a subsampling scheme designed to reliably infer change
points in the presence of aberrant subjects who may have different temporal dynamics
compared to the majority of subjects, possibly due to behavioral differences or other causes.
The proposed approach is expected to work best for task-based experiments involving
multiple subjects who are engaged in the same task for a fixed time duration. A schematic
illustration of the proposed approach is presented in Figure 1.
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We evaluate the performance of the proposed method via extensive simulation studies
involving several types of dynamic networks with rapidly evolving change points, and
compare the performance with competing methods based on single subject, and multisubject averaged data. We also apply our approach to a saccade block task data with
alternate blocks of fixation and task, which involves rapidly evolving change points and
aberrant subjects. For example, each block has only 10 time scans which lead to rapid
changes in functional connectivity, and presents inherent challenges for an analysis based on
single subject data. Moreover, there are several subjects who exhibit behavioral errors for
one or more task blocks, which potentially reflect differences with the group level
connectivity. Among other findings, our method is able to identify brain regions
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supplementary eye fields, lateral and medial frontal eye fields, and cuneus as the most stable
regions across the time varying network, which is consistent with previous evidence
(McDowell et. al., 2008).

2.

Materials and Methods
In this section, we introduce the two-stage approach for estimating dynamic functional
connectivity. Suppose we are interested in studying the connectivity between p regions of
interest (ROI) in the brain. From each ROI, the time-series of the blood oxygen level
dependent (BOLD) signals is extracted to represent the neuronal activity within the ROI. To
set notation, denote yit = (yit1, …, yit p) as the vector of BOLD fMRI measurements obtained
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from the i-th subject at the t-th time point over the p ROIs, where t = 1, …, T, i = 1, …, N . To
investigate the dynamic connectivity between the ROIs, we propose a two-stage approach,
where the first stage identifies the change points for functional connectivity and the second
stage estimates the brain networks appearing in various state phases which are time intervals
separated by the change points.
2.1.

Stage I: Change point estimation
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To identify the change point in functional connectivity during the fMRI scanning, we first
characterize the dynamic pattern in functional connectivity with a time course of a
connectivity metric. Specifically, we propose to evaluate the time-dependent group
functional connectivity between two nodes in the brain network by evaluating the
correlations between the fMRI BOLD signals of these two nodes at each time point in the
scanning session, averaged over subjects. The time courses of these pairwise correlations
would then be used to identify the group level change points in functional connectivity.
Here, we use pair-wise correlations instead of partial correlations as the connectivity metric
due to the following reasons: (a) pair-wise correlations can be computed in a model-free
manner, and they are computationally easier to estimate than the partial correlations, which
requires the estimation of the precision matrix or fitting regression models; and (b) there is
one-to-one correspondence between partial and pairwise correlations, and the time courses
for these two types of correlations will have change points at exactly the same locations. We
illustrate this concept in a toy example in Figure 2, which depicts changes in the time series
of pair-wise correlations and corresponding partial correlations for a three node system.
Given these reasons, we adopt pair-wise correlation as the connectivity metric for our
change point estimation purposes in stage I. Subsequently in the second stage, we estimate
the functional connectivity for each state phase (defined under the estimated change points),
in terms of partial correlations under a graphical modeling approach involving sparse
precision matrices.
2.1.1.

Connectivity Metric—Suppose there are unknown change points denoted as
1 = a0 < a1 < … < aK − 1 < aK < aK + 1 = T, which divides the scanning session into K + 1
distinct state phases, where the k-th tate phase consists of time points between ak−1 and ak.
The state phases represent time intervals between two consecutive change points where the
brain network remains relatively stationary. Both the number and locations of change points
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are unknown and are estimated as those points where the there is a change in the
connectivity metric which is taken to be pair-wise correlations.
~

Let us denote the sample covariance matrices for time t as ∑t = ρt, rs
^

p
,
r, s = 1

and that for the

k-th state phase as ∑k, where
~
∑t =

∑iN= 1

yit − yt yit − yt
N

T

^
, ∑k =

∑a

~
∑
k − 1 ≤ t ≤ ak t
, t = 1, …, T, k = 1, …, K + 1,
nk

with nk denoting the number of time scans in the k-th state phase Bk = [ak−1, ak), and yt
~

~
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denoting the sample mean for time point t. The sample covariance matrices ∑1, …, ∑T ,
represent the time series of sample pairwise correlation between the r-th and s-th ROIs
which is averaged over all subjects, as ρ1, rs, …, ρT, rs, where

~
~
~
ρt, rs = ∑t r, s / ∑t r, r ∑t s, s , r < s and r, s = 1, …, p . The sample pairwise correlations
ρt, rs, t = 1, …, T correspond to realizations for the time series of true pairwise correlations

representing the time varying group level associations between pairs of regions/nodes in the
brain. Let us denote the p(p − 1)/2 dimensional vector of sample pairwise correlations at the

t-th time point as rt = ρt, rs : r < s, r, s = 1, …, p The time series of multivariate pair-wise
correlations r1, …, rT , characterize the dynamic connectivity patterns in the brain network.

Author Manuscript

We detect temporal changes in functional connectivity by approximating the time series of
multivariate pair-wise correlations via a piece-wise constant function under a fused lasso
approach (Tibshirani et. al., 2004), which divides the scanning period into distinct state
phases, such that the functional connectivity is constant within a state phase but changes
across these phases. We elucidate the approach below.

Author Manuscript

2.1.2. A Fused Lasso Approach for Detecting Change Points in Brain
Connectivity—The fused lasso (Tibshirani et. al, 2004) is a generalization of the lasso
(Tibshirani, 1996) approach which applies to settings where the observations have a natural
ordering. The fused lasso can be used to detect changes in the mean of a naturally ordered
set of observations by inferring spatial or temporal locations where jumps occur (Tibshirani
and Wang, 2007). In our case, the set of ordered observations correspond to the time series
of sample pairwise correlations, and one can examine the connectivity changes in the brain
network by detecting shifts in this time series profile. To our knowledge, this is one of the
first approaches to use the well established fused lasso method for detecting connectivity
changes, although there is another recent work (Monti et. al., 2014) which uses a fused
graphical lasso to estimate a distinct brain network at each time point. The approach by
Monti et al. (2014) is based on sliding window correlations using single subject data, and is
distinct from our approach which is focused on group level change point models.
To understand the application of the fused lasso approach for change point detection, let us
first consider the special case when p = 2. In this case, the time series of univariate pairwise
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correlations can be approximated via a piece-wise constant function under a fused lasso as
follows
T

minu ∈ ℜ ∑

t=1

ρt − ut

2

+λ

T −1

∑

t=1

ut + 1 − ut ,

(1)

where ρ1, …, ρT , are sample pairwise correlations as computed in Section 2.1.1, and
(u1, …, uT ) represents the piecewise constant approximation to the time series of pairwise
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correlations, with ut denoting the assumed constant correlation during the interval [at − 1,
at). The optimization function in (1) is composed of two parts: (a) the first term captures the
goodness of fit between the sample correlations ρ and the assumed piecewise constant
correlations u via a summed squared distance; and (b) the second term is the absolute
difference between the piecewise constant function u between two consecutive time points,
which equals zero is there is no jump (|ut − ut−1| = 0), and is greater than zero if there is a
jump (|ut−1 − ut| > 0). More generally, the second term aims to measure the number of jumps
in the piecewise constant function, where the number and locations of the jumps are
unknown and controlled by the sparsity parameter λ. When λ increases, this penalty will
enforce many increments to become exactly zero, which will reduce the number of jumps
and decrease the number of change points; on the other hand, a small value of λ will lead to
a greater number of jumps. In summary, the optimization function in (1) aims to provide an
adequate fit to the observed sample time series of correlations via a piecewise constant
function with an unknown number of jumps that is controlled by the parameter λ.

Author Manuscript

In practical applications involving p > 2 ROIs in the brain, there are p(p − 1)/2 distinct time
series profiles of pair-wise correlations which are co-dependent on one another, and act in
coordination to impact temporal variations in the brain functional connectivity. To tackle this
issue, we present the following generalization of the original fused lasso in (1) to the case of
multivariate time series of correlations, based on the approach in Vert and Bleakly (2010):
T

min

u ∈ ℜ p(p − 1)/2

where ut + 1, . − ut, . =

∑

t=1

∑mp(p=−1 1)/2

rt − ut

2

+λ

T −1

∑

t=1

ut + 1 − ut ,

(2)

2

ut + 1, m − ut, m , rt is the vector of p(p − 1)/2 sample
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pairwise correlations at time point t as computed in Section 2.1.1, and ut ∈ ℜp(p−1)/2
represents the piecewise constant approximation to the multivariate time series at time point
t. As in (1), the first term measures the error between the observed pair-wise correlations and
the piece-wise constant function. The second term in (2) controls the increments between
successive time points across the p(p − 1)/2 pair-wise correlations, which collapses to zero
when the multivariate time series does not change significantly successive between time
points, and takes non-zero values corresponding to significant changes in functional
connectivity. The penalty parameter λ in the second term influences the number of change
points, in a manner similar to model (1). We denote the above approach as connectivity
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change point detection which is abbreviated as CCPD. For a fixed value of λ, we can fit
model (2) using the group lasso (Yuan and Lin, 2006), as described in the Appendix. In the
next section, we describe a systematic procedure to choose the value of the penalty
parameter λ.
2.1.3. Choice of the Penalty Parameter in CCPD—As pointed out in Section 2.1.2,
the number of change points is determined by the penalty parameter λ, with a smaller value
yielding a greater number of change points and vice-versa. Tibshirani and Wang (2007)
proposed an estimate of λ based on a pre-smoothed fit of a univariate time series using a
lowess estimator (Becker et. al, 1988). We adapt this approach for a multivariate time series
to obtain an initial estimate for λ, and then propose some post-processing steps to tune this
estimate and obtain change points.

Author Manuscript

Generalizing the approach in Tibshirani and Wang (2007) to the multivariate case, we apply
lowess independently to each time-series of pair-wise correlations as a first step. Denote the
smoothed fit as ρk = ρk1, …, ρkT for the k-th pair-wise correlation profile,
k = 1, …, p(p − 1)/2. The fraction parameter in the lowess fit which controls the smoothness
level, is chosen to be small so as to avoid oversmoothing which will cause difficulty in
detecting potential change points. Then for each time series, we compute the first order
differences δkt = ρkt − ρk, t + 1t = 1, …, T − 1, , followed by the median of (δk1, …, δkT )

denoted as µk, k = 1, …, p(p − 1)/2. Next, we compute the median of the absolute deviations
{|δk1 − µk|, …, |δkT − µk|}, and denote it as ∆k, k = 1, …, p(p − 1)/2. Finally, we compute an
initial estimate for the penalty parameter given by

Author Manuscript

λ=

min

k = 1, …, p

{2Δk +

T −1

∑

t=1

δkt 1 δkt > 4Δk },

(3)

where 1(·) is the indicator function. We then re-fit the fused lasso (2) under this chosen value
of λ to obtain an initial estimate of the number of change points (Kmax) and their locations
τ * = (t1*, …, t*Kmax). The initial estimate for the number of change points is potentially
inflated due to the choice of a small value of the lowess fraction parameter, and the manner
in which λ was computed in (3). This is to ensure that we do not exclude true change points
in the initial fit. In the next step we propose a screening criteria to exclude false change
points in τ * = (t1*, …, t*Kmax) .

Author Manuscript

In particular, the screening criteria involves a post-processing step as follows. For each given
subset of k < Kmax change-points, we approximate the signals between the successive
changepoints with the mean value of the points in that interval. Subsequently, we calculate
the total sum of squared errors (SSE) between the set of real signals and these piecewise
constant approximations to them. Though it may appear computationally intensive to do this
for all subsets of k < Kmax change-points, a dynamic programming strategy (Picard et. al,
2005) enables us to compute the subset of k change points having the minimum SSE from
among all possible sets of k < Kmax change points in O(Kmax2) time. Denote the minimum
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SSE obtained from the subset of all possible k change points derived from the set τ ∗ as
SSE(k), and denote the corresponding locations of the change points as τ*k . Clearly, SSE(k
+ 1), will be smaller than SSE(k); however, after a certain point, adding an extra changepoint will have no physical reality.
We determine the optimal number of change points by examining the curvature of the SSE
curve as follows. First we normalize the minimum SSE scores
SSE Kmax − SSE K

SSE 1 , …, SSE Kmax as J k = SSE Kmax − SSE 1 Kmax − 1 + 1, where
J 1 = Kmax and J Kmax = 1 Then we compute the curvature of these normalized scores via
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discrete second derivatives as ∇k = Jk−1 − 2Jk + Jk+1, and select the number of change points
as K = max{1 < k < Kmax : ∇k > 0.5} such that the second derivative does not rise above a
certain threshold on addition of further change points. The idea behind this approach is that
if the curvature of the normalized SSE scores does not change beyond a certain value by
adding an extra change point, then that will imply that the SSE does not reduce significantly,
suggesting that no additional change points are required. In our experience based on
extensive numerical studies, this approach is able to weed out any false change points
included in the initial set of change points τ ∗ and produces reliable estimates. We provide a
summary of the above steps for estimating the number of change points in the form of
Algorithm I in the Appendix.
2.2

Stage II: Brain Network Estimation based on Graphical Models

Author Manuscript

After estimating the change points in the stage I, the brain network within each state phase is
estimated using graphical models, which estimates the strength of connections between p
ROIs via partial correlations. The fMRI data will be pre-processed using standard
procedures (Lindquist et. al., 2008) including de-trending and de-meaning. We also prewhiten the observations to remove temporal correlations across scans. The pre-processed
fMRI data are then assumed to be independent across scans, and distributed as a zero mean
multivariate Gaussian distribution at each time point. Suppose τ*K = a1, …, aK are the
estimated change points in Stage I. We propose the following Gaussian graphical model
yit ∼ N 0, Ω−1
k , if ak − 1 < t ≤ ak, k = 1, …, K + 1,

(4)

Author Manuscript

where 1 = a0 < a1 < … < aK < aK+1 = T , and Ωk is a sparse group level inverse covariance
matrix for the k-th state phase (k = 1, …, K + 1), from which one can derive partial
correlations to estimate the brain network. We note that given the estimated change points in
the stage I, there are K + 1 distinct brain networks encapsulated by Ω1, …, ΩK+1. Model (4)
specifies a group level change point model, where it is assumed that all the subjects in the
group have the same transition points, which is a reasonable assumption for task based fMRI
experiments. In the Section 2.3, we relax this assumption to identify and exclude aberrant
subjects who have significant differences with the group level brain network.
The Gaussian graphical model in (4) enables us to infer brain networks in the form of sparse
inverse covariance matrices Ω1, …, ΩK+1 which cam be translated to graphs G1, …, GK+1.
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The graph Gk has the vertex set V = {1, …, p} corresponding to the p ROIs, and edge set Ek
comprising all the edges in Gk corresponding to non-zero off-diagonal elements in Ωk, k = 1,
…, K +1. The edges in Ek correspond to significant associations between pairs of ROIs in
terms of partial correlations which can be computed as
π k, rs = − Ωk r, s / Ωk r, s Ωk s, s , r ≠ s, r, s = 1, …, p, k = 1, …, K + 1. In other words, one
can obtain the graph Gk, and hence the brain network for the k-th state phase, by studying
the pattern of zeros in the sparse inverse covariance matrix Ωk, k = 1, …, K + 1.
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A popular method for estimating sparse inverse covariance matrices is the graphical lasso
(Friedman et al. 2007) which is a penalized likelihood approach and can be thought of as an
extension of the Lasso approach in regression settings. The graphical lasso operates by
imposing a L1 penalty on the off-diagonal elements of the inverse covariance matrix under a
Gaussian likelihood, which results in zero off-diagonal entries corresponding to absent edges
in the graph. We adopt the graphical lasso for brain network estimation, which estimates the
sparse inverse covariance matrix for the k-th state phase as
Ωk, γ = arg minΩk −log det Ωk

+ tr Sk Ωk + γ Ωk

1

, k = 1, …, K + 1,

(5)

where γ is the tuning parameter controlling for the sparsity of the graph,
Ωk

1

= ∑r, s ωk, rs denotes the element-wise L1 norm of Ωk, Sk is the sample correlation

matrix for all observations belonging to the k-th state phase which can be obtained directly
^

from the sample covariance matrix ∑k computed in Section 2.1.1. A higher value of the
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penalty parameter γ leads to sparser estimates of the inverse covariance matrix, and viceversa. We obtain the solution in (5) corresponding to a grid of γ values, and choose an
optimal value of γ which minimizes the BIC criteria computed as
BICγ =

K

T

∑ ∑

k=1 t=1

tr Sk Ωk, γ − log det Ωk, γ

1 ak − 1 ≤ t < ak + ek, γlog nk ,

(6)

^
where ek,γ is the number of edges under Ω
k, γ . We use the efficient algorithm developed by

Friedman et. al. (2007) to implement the graphical lasso approach, which is available in the
R package glasso.
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2.3.

A robust procedure for estimating group level dynamic connectivity
So far, we have assumed that all subjects share the same set of change points and have
similar brain networks in each state phase. This assumption is theoretically reasonable for
task-related fMRI studies where subjects engage in the same experimental paradigm. In
practice, however, there may be some aberrant subjects whose neural activities do not
properly align with the experimental tasks as expected. This may be reflected by the high
behavioral error rates in their task performance. For example, in our study with saccade
trails, few subjects have slower response times and a lower number of correct responses due
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to behavioral errors, but the majority of subjects have negligible errors implying consistency
in the behavioral response. It is reasonable to assume that the brain connectivity for these
aberrant subjects will exhibit systematic differences with the group level brain network.
Hence, we would ideally like to identify and exclude these unknown aberrant subjects from
our change point and brain network estimation, while retaining the other typical subjects for
inferring group level connectivity.
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We propose an approach that can provide reliable estimates of dynamic connectivity patterns
in the presence of aberrant subjects. The proposed approach is based on a sub-sampling
scheme. We randomly select a sub-sample of pre-specified size by excluding a small subset
of subjects, and compute the change points based on this sub-sample using the methods in
Section 2.1. This procedure is then repeated multiple times with distinct sub-samples, and a
set of change points is computed for each sub-sample. Once this process is completed, the
final change points are estimated as those which appear most frequently across all the subsamples. The justification for this approach lies in the fact that change points which are
supported by the majority of the subjects in the dataset, will be detected more frequently
across multiple sub-samples, and any fallacious change points which may show up in one or
more sub-samples due to the influence of aberrant subjects will be eliminated through this
process. By choosing to work with multiple subsamples having a reduced sample size, our
goal is to ensure a robust change point estimation by reducing the impact of the aberrant
subjects. The change points estimated under this approach represent group level dynamics in
the brain network, after excluding a small group of aberrant subjects whose functional
connectivity changes do not properly align to the experimental task.
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In order to identify aberrant subjects, we compute the sparse inverse covariance matrix as in
Section 2.2 using the estimated change points, independently for each subject. This
essentially reduces to computing the estimate in (5) where the covariance matrices S1, …,
SK+1, are computed based on single subject data. The individual BIC scores using single
subject data are then computed using (6), and those who have BIC score above a certain
threshold are identified as aberrant subjects, since a higher BIC score implies the inadequacy
of the model fit under the estimated change points. These identified aberrant subjects are
then excluded, and the group level dynamic brain network is computed using the remaining
typical subjects, under the methods in Section 2.2.

3.
3.1.

Result
Simulation Sstudies

Author Manuscript

3.1.1. Simulation Set-up—We conducted a series of simulation studies to examine the
performance of our approach in terms of change point detection, and brain network
estimation. We generate data sets which include both typical subjects (N=55) having
common change points, and also aberrant subjects (N=5) who have subject-specific change
points. The data was generated under a Gaussian graphical model (4) containing four state
phases corresponding to closely located change points.
We evaluated the performance of the proposed method for a range of networks with different
characteristics. In particular, we consider the brain networks derived from four different
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types of graphs: (a) Erdos-Renyi random graphs (Erdos and Renyi, 1959) was generated for
the first state phase using the same probability for all connections (0.15), while the networks
for the subsequent state phases are obtained by flipping a subset of edges (adding an edge if
there was no edge, and deleting an edge if there was one) in the graph corresponding to the
previous state phase; (b) Erdos-Renyi random graphs (Erdos and Renyi, 1959) were
generated independently for each state phase; (c) scale-free graphs were generated
independently for each state phase using the preferential attachment model of Barabasi and
Albert (1999); and (d) small-world random graphs, obtained using the Watts and Strogatz
(1998) model, were generated independently for each state phase. The random graphs in (a)
mimic the time varying brain networks which retain certain connections between
consecutive state phases, but discard others, while the random graphs in (b) represent a
random network setting that is commonly seen in various types of data and has been widely
studied. On the other hand, the scale-free and small-world networks in (c) and (d), are
motivated by the characteristics of real life brain networks derived from fMRI data.
Given the graph, the corresponding precision matrix was computed by fixing off-diagonals
to zero for absent edges, and randomly generating elements from U (−1, 1) corresponding to
important edges. The diagonal elements are then rescaled appropriately to yield a diagonally
dominant structure which ensures positive definiteness. The simulated brain network and the
corresponding precision matrix was constant for all time scans within a state phase but they
were different across the state phases. The data was generated independently for all subjects
using a Gaussian graphical model characterized by the precision matrices generated in the
above manner. All the typical subjects were assigned the same time varying connectivity,
while the aberrant subjects had distinct change points and brain networks simulated in the
manner discussed above.
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For each type of graph, we then considered four combinations of the number of nodes (p)
and total number of time scans (T ), i.e. (p, T ) = (10, 200), (20, 200), with change points as
40,80,140, and (p, T ) = (10, 300), (20, 300), with change points as 40,115,175. For the
random graph in (a), we generated 12 scenarios. Scenarios 1–4 involve the above four
combinations of (p, T ); scenarios 5–8 are similar to scenarios 1–4 but involve mean changes
at the change point locations along with connectivity changes; whereas scenarios 9–12 are
similar to scenarios 1–4, but involve the presence of random spikes in the time series. These
different cases reflect practical issues encountered in fMRI data. We also generated data
under the Erdos-Renyi graphs (Scenario 13–16), small world networks (Scenario 17–20),
and scale free networks (Scenario 21–24), corresponding to the four (p, T ) combinations
mentioned above. We generate 100 replicates for each simulation scenario and report
performance metrics averaged over these replicates.
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3.1.2. Performance Metrics—We evaluate the performance of the proposed method for
change point detection as well as network estimation. To assess the performance in terms of
change point estimation, we report the proportion of change points that were detected
correctly across replicates. In order to assess graph estimation performance, we compare the
estimated and the true network at each time point in terms of sensitivity and specificity, and
then average these metrics across time points. Sensitivity represents the power to detect true
connections and is computed as the proportion of true connections detected under the
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approach, while specificity is equivalent to 1-false discovery rate (FDR), and is computed as
the proportion of missing connections which are correctly classified as absent. We also
present receiver operating characteristic (ROC) curves for graph estimation for the first four
simulation cases, which plots the sensitivity versus 1-specificity levels for a series of graphs
estimated by varying the penalty parameter γ in (5). A higher area under the ROC curve
implies more accurate graph estimates across all values of the penalty parameter, with higher
sensitivity and specificity levels. Finally, we also examine computation times under our
method.
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We compare our approach with dynamic connectivity regression (DCR) proposed by
Cribben et. al. (2012), which divides up the scanning session into piecewise stationary
segments using a BIC criteria involving hypothesis testing, and computes the graph for each
such segment using the graphical lasso. The sensitivity and specificity under the estimated
graphs for each segment are computed, and these are averaged to report a point estimate.
The software for implementing this approach is available in the author’s website. We also
compare with the sliding window technique, where we obtain local estimates of the
covariance matrices by downweighting time points far away using a kernel function Kh(i, j)
= I(|i − j| ≤ h) (Monti et. al, 2014). Here, I(·) is an indicator function, and Kh(i, j) represents
the weight given to time point j when computing the local covariance matrix at time point i
corresponding to window length h. Given the kernel function, the local mean at the
timepoint i is yi, SL = ∑Tj = 1 K h(i, j)yi / ∑Tj = 1 K h(i, j), and the local covariance matrix is
Si, SL = Σ Tj = 1K h(i, j)(yi − yi, SL)(yi − yi, SL)T /Σ Tj = 1K h(i, j). We then average these local
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covariance matrices for each time point across all subjects, and use them to obtain group
level estimates for the graph at each time point under the graphical lasso method. We
compute the sensitivity and specificity under the estimated graphs at each time point, and
average across them. We present the sliding window results under window lengths of 10 and
50. We note that the DCR results are based on single subject analysis, while the sliding
window analysis in this article relies on multi-subject averaged data.
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3.1.3. Simulation Results—From Table 1, we see that the proposed approach is able to
detect the true change points for all scenarios, even in the presence of aberrant subjects and
spurious patterns involving spikes and mean changes. On the other hand, the DCR approach
performs poorly, often missing change points altogether for most subjects. In terms of graph
estimation, the proposed approach has sufficiently high sensitivity (between 0.85–0.90)
across all scenarios, which means it can efficiently estimate true connections in the graph, as
well as high specificity (between 0.90 to 0.98), implying adequate control over false
discoveries. Moreover, it is evident that the DCR reports extremely low sensitivity levels,
which is potentially a direct consequence of poor change point estimation. In particular, the
fallacious change point detection under DCR introduces false time scans belonging to
another state phase when estimating the graph corresponding to a particular state phase,
which leads to poor power for detecting the true connections. The sliding window approach
having a window length of 10, results in comparable specificity levels for the 12 scenarios
involving random graphs, but lower specificity for the other scenarios. Moreover the
sensitivity levels of the proposed approach are uniformly and significantly higher for all
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cases. Finally, the sliding window results for a window length of 50 result in sensitivity and
specificity levels which are both uniformly and significantly lower than the reported levels
under the proposed approach. These results imply that the choice of the window length is
crucial for obtaining meaningful results under the sliding window approach. We also
experimented with other window lengths (results not presented here), but discovered that the
sliding window results were consistently inferior to the proposed approach.
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The ROC curves for the first four simulation cases are presented in Figure 3. It is clear that
the ROC curve under the proposed approach demonstrate better performance compared to
the ROC curves for the other competing approaches, with greater sensitivity and specificity
across all values of the tuning parameter. Further, the sensitivity of the proposed approach
rapidly rises to one, for low levels of false discovery, which suggests the ability of the
proposed method to correctly detect true edges while controlling for false discovery rates.
The ROC curves for the other simulation cases convey similar information regarding the
relative performance, although they are not presented here due to space constraints.
We also observed that the performance of DCR improves when the distance between change
points is substantially large (100 or more), but the method performs poorly when the change
points are closer together, which is often the case in practice (Sakoglu et al., 2010; Shirer et
al., 2012; Jones et al., 2012). We conjecture that the poor performance of DCR in scenarios
involving closely spaced change points is due to the fact that DCR is based on single subject
data analysis. In comparison, the proposed approach is able to accurately detect closely
spaced change points, by pooling data across multiple subjects under the assumption of
common change points across a majority of subjects in the sample.
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We performed additional simulations for scenarios 1–4, which suggested that the sensitivity
and specificity levels rise to one under the proposed approach when the sparsity of the true
graph is further increased, or if the number of time points between consecutive change
points increase. We also examined the effect of varying the number of aberrant subjects on
the numerical performance. Our results indicate that (a) the graph estimation under the
proposed approach improves even further when there are no aberrant subjects in the sample;
and (b) the proposed approach is able to detect all the change points accurately as long as the
number of aberrant subjects does not exceed one third of the total sample size; however the
graph estimation becomes less accurate in these cases.
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From our numerical experiments, we expect that the proposed approach will work well in
task based fMRI experiments, where the number of aberrant subjects is expected to be
limited. From Table 2, we see that the proposed approach has a reasonable computational
time. From our experience in simulations in the presence of aberrant subjects, the proposed
approach is readily scalable to more than a hundred nodes. Further, the approach can be
scalable to even larger number of nodes in the absence of aberrant subjects. In general the
scalability of the approach is inversely proportional to the number of aberrant subjects
assumed to be present in the sample.
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3.2.1. Saccade Trial fMRI data and pre-processing steps—We look at a block
task data involving a saccade fMRI trial at the University of Georgia, Athens. Data was
collected from 35 right-handed, healthy participants (mean age = 19.5 years, SD = 3.7; 10
males), who experienced no current major psychiatric disorders or substance abuse, had no
metal implants, and had normal or corrected-to-normal vision (via self-report), as described
in Pierce and McDowell (2016). Participants completed a saccade blocked task which
consisted of repeating 20 second blocks (10 scans) of a) fixation (9 blocks), b) pro-saccade
trials (4 blocks), and c) anti-saccade trials (4 blocks). The blocks were arranged as fixation
followed by prosaccade, then fixation followed by antisaccade, and this sequence was
repeated several times such that the total number of scans combining all the task blocks was
170, and the total scan time was 5 minutes and 48 seconds. All stimuli consisted of a 1
degree gray shape presented on a black background (Pierce and McDowell, 2016). During
fixation a cross appeared in the center of the screen; subjects were asked to look as quickly
and accurately as possible towards the peripheral stimulus for prosaccade task and towards
opposite location of the stimulus, same distance from the center, for the anti-saccade task.

Author Manuscript

Participants attended an initial screening session, where they completed demographic
surveys and performed twenty practice trials of mixed prosaccades and antisaccades. Those
who met inclusion criteria were scheduled for a subsequent MRI session. A high-resolution
structural scan was obtained first for each participant, followed by several functional scans
(only one of which is reported here). Stimuli were displayed using Presentation software
(Neurobehavioral Systems, Albany, CA) and a dual mirror system attached to the head coil
that allowed a participant to view a projection screen at his/her feet and researchers to
monitor the participants eye. Right eye pupil position was sampled at 60 Hz (IView X MRILR system, SensoMotoric Instruments, Germany) and recorded for off-line analysis. Before
beginning the saccade tasks, eye position was calibrated using IViews 5-point calibration
and an in-house horizontal calibration.
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MR images were collected on a 3T GE Signa Excite HDx system (General Electric Medical
Systems, Milwaukee, WI) at the University of Georgia Bio-Imaging Research Center. A
high-resolution anatomical image was collected using a T1-weighted 3D FSPGR sequence
(echo time = 3 ms, flip angle = 20 degrees, field of view (FOV) = 240 mm × 240 mm, matrix
size 256 × 256, 150 axial slices, in-slice resolution = 0.94 × 0.94 mm, slice thickness = 1.2
mm, scan time=6 minutes and 32 seconds). The functional scans were collected using a T2∗weighted gradient echo EPI sequence (echo time = 30 ms, repetition time = 2000 ms, flip
angle = 90 degrees, FOV =220 mm × 220 mm, matrix size = 64 × 64, 33 interleaved oblique
slices aligned with the AC-PC plane in-slice resolution = 3.4 × 3.4 mm, slice thickness = 4
mm, and 4 dummy volumes for magnet stabilization).
Eye position data were analyzed using custom scripts written in MATLAB (MathWorks,
Natick, MA). Trials were manually scored for initial direction of response (eye movements
with velocities surpassing 20 degree/sec were classified as saccades). Trials with no
response, blinks at stimulus onset, anticipatory saccades (faster than 90 ms latency or during
the gap window), or with insufficient data quality due to loss of pupil tracking were
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excluded from further analysis. Pre-processing of functional MRI data was performed using
the AFNI software package (Cox, 1996, 2012) and included: slice-timing correction, volume
alignment, resampling to 4 mm3 voxel grid, spatial standardization to a Talairach template,
spatial smoothing (4 mm full width-half maximum Gaussian kernel), and voxel-wise scaling
to a mean of 100. Regions of interest (ROIs) were identified using 6 mm spheres centered on
coordinates from a previous saccade study (Dyckman et. al., 2007) that included
supplementary eye fields (SEF), lateral and medial frontal eye fields (FEF), prefrontal cortex
(PFC), inferior frontal cortex (IFC), precuneus, cuneus, inferior parietal lobule (IPL), middle occipital gyrus (MOG), striatum, and thalamus. The average preprocessed time series
then was extracted from each ROI for each participant, for estimating the dynamic brain
functional connectivity.
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We deleted the first four task blocks (fixation-pro-fixation-anti) from our analysis, in order
to exclude data from the high variability blocks where subjects were still familiarizing
themselves with the task. We also excluded data from the anti-saccade blocks due to high
error rate and variability across subjects associated with this task, which is potentially
indicative of varied brain states during these trials. Here, error rate is defined as the number
of trials with an initial saccade in the incorrect direction divided by the total number of
scoreable trials. We then applied the proposed approach to detect change points and estimate
dynamic networks based on blocks associated with the pro-saccade task and fixation.
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3.2.2. Analysis Results—Our analysis detected changes in the saccade network at the
beginning of the pro-saccade and fixation blocks which is consistent with the experiment
design. In addition, we also detected change points in the middle of blocks two fixation
blocks and one pro-saccade block. This results implies that the brain networks tend to be
stationary during the majority of the task and rest phases, however there could be occasional
network changes within a task or rest block. We conjecture that these changes near the
middle of the blocks are potentially due to anticipation of the fixation block at the end of a
task block, and vice-versa.
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To characterize how the brain network during a saccade task shifts during pro-saccade and
fixation blocks, we examined the partial correlations between all pairs of ROIs during each
brain state between the change points. Then, we identified those connections that were
relatively stable (i.e., present in at least 50% of the brain states) across both pro-saccade and
fixation blocks, exclusively for pro-saccade blocks, exclusively for fixation blocks, or
neither block. These connections are depicted in Figure (4). The analysis revealed that there
was a higher number of stable connections for pro-saccade (29) compared to fixation blocks
(17). The SEF, medial FEF, and cuneus had the largest number of stable connections during
task or both blocks, while the thalamus had a high number of connections exclusively during
the task block. Moreover, there were only three connections (IFC-SEF, IFC-IPL, and IPLMOG) that were present at fixation that did not also occur during the pro-saccade task.
Striatum and MOG had the fewest stable connections across the scanning session.
This pattern of results implies that SEF, FEF, and cuneus are core regions in the saccade
network and that they maintain functional connectivity with multiple nodes in the network
throughout the task as well as during intervening fixation blocks. These regions are known
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to be critical for visual processing and saccade generation (McDowell et al., 2008) and the
number of consistent connections identified here demonstrates their relevance to the saccade
network over time. The thalamus, in contrast, was connected to the saccade network
specifically during the pro-saccade task blocks, indicating a dynamic role in ocular motor
control that may be interrupted during non-active blocks. Striatum and MOG have also been
reported during saccade activation studies, yet showed limited stable connections to other
saccade ROIs here. Interestingly, the striatum was connected to the thalamus, while MOG
was connected to the cuneus, during all the analyzed brain states. This suggests that these
two regions are more functionally distant in the saccade network and their interactions may
be mediated largely by other, more central nodes. Overall these findings support activation
studies of saccade tasks on the role of many of these ROIs in the ocular motor network, as
well as providing new insight into how these regions functionally interact over the course of
task and fixation blocks in a saccade paradigm.

Author Manuscript

4.

Conclusion
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We have proposed a fundamentally novel approach for detecting temporal changes in the
brain functional connectivity, and for estimating a time varying brain network based on
multi-subject fMRI data. By pooling information across subjects, the proposed approach has
major advantages over existing methods. It provides more reliable estimation of group-level
dynamic connectivity in task-related fMRI studies. In particular, our method provides
greater power for detecting rapid changes in functional connectivity, that can otherwise be
challenging to detect using a single subject analysis. We further propose a robust procedure
for accurately detecting the true change points even in the presence of aberrant subjects, who
demonstrated significantly differently dynamics in connectivity from the group mostly
because their neural activity was inappropriate registered to the experiment tasks. We show
through extensive simulation studies that the proposed method had significantly superior
performance to methods based on a single subject analysis, and another approach based on
sliding window correlations averaged over multiple subjects. The proposed method accounts
for individual level differences by identifying and eliminating aberrant subjects who exhibit
significant differences in the dynamic brain functional connectivity compared to the group,
and is expected to work well in settings involving a limited number of aberrant subjects,
such as in task based fMRI experiments. We apply the method to a block task saccade trial,
where it successfully detects temporal variations in the brain functional connectivity, and
identifies several important regions and connections which have been previously linked with
saccade circuitry.
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The proposed approach assumes that the fMRI data is available on all all subjects at the
same set of time points, such that measurements for each scan can be aligned across
subjects. Based on this assumption, our approach is mainly applicable for estimating grouplevel dynamic connectivity in task-related fMRI studies where subjects are imaged under the
same experimental paradigm.
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Appendix
Computational Details for Fitting CCPD
We fit model (2) using a group lasso approach, after suitable transformation of variables.
Denote α0 = u1, and the increments as αi = ui + 1 − ui, i = 1, …, T − 1. Then we have, u1 = α0,
~

and ui = α0 + ∑il −= 11 αl for i = 2, …, T . Further let R denote the T × p matrix having r~t as the t-
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th row (t = 1, …, T ), and A denote the (T − 1) × p matrix having αk as the k-th row (k = 1,
…, T ). Further denote X as the T ×(T −1) matrix having elements (k, l) as one if k > l, and
zero otherwise. It can be shown that the equation (2) may be re-written as
min
=

A ∈ ℜ T − 1 × p, α0 ∈ ℜ p

min

A ∈ ℜ(T − 1) × p, α0 ∈ ℜ p

~

R − X A − 1T α0

2

Rc − X c A − 1T α0

2

+λ

T −1

∑

t=1

+λ

T −1

∑

t=1

αt

(7)

αt ,

~

where Xc and R c are obtained from X and R respectively, after centering each column. The
~
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equality in (7) can be obtained by substituting α0 = (R − X A)1T . Equation (7) can be solved
using the group lasso approach in Yuan and Lin (2006), for which existing R packages are
available.
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Algorithm I: Estimation of the Number of Change Points
1.

Compute a value of penalty parameter λ for fused lasso model (2).
1.1

Apply lowess independently to all the time series of pairwise
correlations, under a small value of the fraction parameters to avoid
overfttting.

1.2

Compute the differences δkt = ρkt − ρk, t + 1, t = 1, …, T − 1 where
ρk = ρk1, …, ρkT denotes the lowess ftt for the k-th time series.

1.3

For each ftrst order difference, compute the median of δkt, …, δkT
as µk.

Author Manuscript

1.4

For each ftrst order difference, compute δk1 − μk , …, δkT − μk

1.5

Compute the median of the differences δk1 − μk , …, δkT − μk asΔk

1.6

Compute the penalty parameter as
T −1

λ = mink = 1, …, p 2Δk + ∑t = 1 δkt 1 δkt > 4Δk .

2.

Fit the fused lasso model (2) under the chosen value of λ in step 1, and
compute an initial set of Kmax change points denoted as τ*Kmax.

3.

Screen out false change points detected in step 2
3.1

Compute normalized scores J k =

SSE Kmax − SSE K
Kmax − 1 + 1,
SSE Kmax − SSE 1
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where J 1 = Kmax,J Kmax = 1.
3.2

Compute discrete second derivatives as ∇k = J k − 1 − 2J k + J k + 1.

3.3

Choose the final subset of K time points from the original set of
change points τ*Kmax such that K = max 1 < k < Kmax: ∇k > 0.5 .
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Figure 1:
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A visual depiction of the two stage approach. The multi-subject fMRI data is first
subsampled, and this sub-sample is used to compute a group level connectivity metric (ρ) at
each time point. Subsequently, a fused lasso approach is applied to approximate the time
series of the connectivity metric using a piecewise constant function, which automatically
detects change points and divides the length of the scanning session into distinct state
phases. This process is repeated for multiple sub-samples in order to diminish the influence
of aberrant subjects on change point estimation, and those change points which show up
most frequently across these subsamples are chosen as the time points where functional
connectivity changes occur. In the second stage, a graphical lasso approach is applied
independently to the time scans in each state phase to obtain the corresponding brain
functional networks. The collection of these brain networks across state phases represents
the time varying brain functional connectivity.
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Figure 2:
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Toy example involving 3 regions and 50 time points, showing changes in pair-wise
correlations (top) and corresponding partial correlations (below) across time points when the
data is generated under a mixture model with multiple change points. Each component of the
mixture model follows a Gaussian distribution with mean zero and a distinct inverse
covariance matrix quantifying the functional associations corresponding to time intervals 1
−10,11−20,21−30,31−40, and 41 −50. The time varying network illustrated in the above
diagram has 5 state phases, and is characterized by piece-wise constant pair-wise and partial
correlations having the exact same change points.
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Figure 3:

The receiver operating characteristic (ROC) curves, which plot the sensitivity versus the
false positive rate, are presented for the first four simulation scenarios. The ROC curves for
the proposed change point approach, the dynamic connectivity regression approach, and the
sliding window approach with window lengths 10 and 50 are depicted with blue, magenta,
red, and orange solid lines respectively.
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Figure 4:

A visual depiction of functional connectivity in the saccade trial. The Figures display
connections which are present in both pro-saccade and fixation (Figure A), connections
which are present in pro-saccade blocks only (Figure B), and connections which are present
in fixation blocks only (Figure C). Figure D provides a color coded table which indicates a
connection present in both pro-saccade and fixation in green, connection appearing only in
pro-saccades in yellow, connections appearing only in fixation in pink, and connections
which do not appear in either blocks in gray.
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Simulation results. The first column reports simulation scenarios described in Section 3.1.1, the second and third columns denote the number of nodes and
time points respectively, the fourth column (CP) reports the proportion of change points estimated accurately, the fifth and sixth columns (SE and SP)
report the average sensitivity and specificity under the proposed approach. Columns 7–9 report the proportion of change points detected under DCR, and
the corresponding sensitivity and specificity. The last four columns report sensitivity and specificity under the sliding window approach with window
lengths 10 and 50. Note that the sliding window approach does not admit change point detection. All results are averaged over 100 replicates.
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Computation time reported in seconds under the proposed approach. Here N, P and T are number of subjects,
number of nodes in the network, and time points.
Simulation

N

P

T

time (in secs)

1

60
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14.34
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5

60

50

300

215.44
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