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In recent years, a number of studies have reported on the existence of time-varying functional connectivity (TVC)
in resting-state functional magnetic resonance imaging (rs-fMRI) data. The sliding-window technique is currently
one of the most commonly used methods to estimate TVC. Although previous studies have shown that autocor-
relation can negatively impact estimates of static functional connectivity, its impact on TVC estimates is not well

Autocorrelation . . . L . .
Sliding-window known at this time. In this paper, we show both theoretically and empirically that the existence of autocorrelation
Prewhitening within a time series can inflate the sampling variability of TVC estimated using the sliding-window technique.

This can in turn increase the risk of misinterpreting noise as true TVC and negatively impact subsequent esti-
mation of whole-brain time-varying FC profiles, or “brain states”. The latter holds as more variable input measures
lead to more variable output measures in the state estimation procedure. Finally, we demonstrate that pre-
whitening the data prior to analysis can lower the variance of the estimated TVC and improve brain state esti-

mation. These results suggest that careful consideration is required when making inferences on TVC.

1. Introduction

It was previously assumed that functional connectivity (FC) among
brain regions did not vary substantially during the course of a single
resting-state functional magnetic resonance imaging (rs-fMRI) run.
However, recent studies have begun uncovering the possible existence of
dynamic changes in FC taking place on a considerably shorter time frame
(i.e., seconds instead of entire runs lasting several minutes) (Chang and
Glover, 2010; Hutchison et al., 2013a; Preti et al., 2016; Tagliazucchi
et al., 2012; Thompson et al., 2013; Allen et al., 2014). These studies of
time-varying FC (TVC) have allowed for the classification of whole-brain
time-varying FC profiles into distinct “brain states”, which are defined as
recurring whole-brain connectivity profiles that are reliably observed
across subjects during a resting-state run (Calhoun et al., 2014; Lurie
et al., 2018). Results have demonstrated that while the patterns of con-
nectivity describing each brain state are reliable across groups and in-
dividuals (Yang et al., 2014; Choe et al., 2017), other characteristics such
as the amount of time spent in specific brain states and the number of
transitions between brain states can vary as a function of individual
differences such as age (Hutchison and Morton, 2015) or disease status
(Damaraju et al., 2014; Rashid et al., 2014).

To date, a number of different analytic techniques have been
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proposed for quantifying and investigating the presence of TVC. These
include the widely-used sliding-window approach (Tagliazucchi et al.,
2012; Chang and Glover, 2010; Hutchison et al., 2013a, b), change point
analysis (Cribben et al., 2012, 2013; Xu and Lindquist, 2015), point
process analysis (Tagliazucchi et al., 2011), Co-Activation Patterns
(CAPs) (Liu and Duyn, 2013), transient-based CAPs (Karahanoglu and
Van De Ville, 2015), time series models (Lindquist et al., 2014),
time-frequency analysis (Chang and Glover, 2010), Hidden Markov
Models (HMM) (Eavani et al., 2013; Vidaurre et al., 2017), Hidden
Semi-Markov Models (HSMM) (Shappell et al., 2019), and Sparse
Coupled Hidden Markov Model (SCHMM) (Bolton et al., 2018). Despite
development of these promising approaches, estimation of TVC still re-
mains a difficult endeavor due to the low signal-to-noise ratio (SNR) of
the blood oxygen level dependent (BOLD) signal and the presence of
image artifacts and nuisance confounds (Hutchison et al., 2013a; Lind-
quist et al., 2014; Laumann et al., 2016).

One potentially significant confound that has not yet received much
attention in the literature is the presence of autocorrelation within the
specific time series used to estimate TVC. It is well known that even in the
absence of explicit neuronal activation BOLD fMRI noise exhibits positive
autocorrelation, which is generally attributed to unmodeled nuisance
signal (Lund et al., 2006; Lenoski et al., 2008; Zarahn et al., 1997; Purdon

Received 27 February 2019; Received in revised form 10 April 2019; Accepted 15 April 2019

Available online 22 April 2019
1053-8119/© 2019 Elsevier Inc. All rights reserved.


mailto:mlindqui@jhsph.edu
http://crossmark.crossref.org/dialog/?doi=10.1016/j.neuroimage.2019.04.042&domain=pdf
www.sciencedirect.com/science/journal/10538119
http://www.elsevier.com/locate/neuroimage
https://doi.org/10.1016/j.neuroimage.2019.04.042
https://doi.org/10.1016/j.neuroimage.2019.04.042
https://doi.org/10.1016/j.neuroimage.2019.04.042

H. Honari et al.

and Weisskoff, 1998). In the context of task fMRI, this existence of pos-
itive autocorrelation is generally accounted for within the general linear
model (GLM) framework, using either an AR or ARMA model after
removing the effects of the task from the signal (Lindquist et al., 2008). In
contrast, analytic concerns related to the existence of such autocorrela-
tion in rs-fMRI data has received much less attention, although recent
studies have reported that autocorrelation in rs-fMRI data can negatively
impact the estimates of static functional connectivity (Christova et al.,
2011; Georgopoulos and Mahan, 2013). Arbabshirani et al. (2014) did
attempt to investigate this issue in depth and showed that while auto-
correlation influences point estimation of the cross-correlation coeffi-
cient, it has minimal effect on hypothesis tests of group-level differences
in correlation. The authors concluded that since hypothesis testing is the
primary inferential technique used in most FC studies, the impact of
autocorrelation on the estimate of the correlation coefficient was not
necessarily detrimental to the findings of most studies.

However, when studying TVC, this argument is less suitable as it is
typically the point estimate (for example, the cross-correlation coefficient
at each time point) that is of primary importance. For example, these
estimates are typically used as an input in a secondary analysis to esti-
mate brain states. Therefore, it is critical to re-visit the issue of auto-
correlation in this context, and to investigate the influence of
autocorrelation on TVC estimation. In this study, we illustrate these is-
sues using the sliding-window technique, due to its popularity. However,
it should be noted that the issue of autocorrelation is not unique to the
sliding-window technique and is shared by other TVC estimation
techniques.

The problem is particularly complicated in the rs-fMRI setting as it is
not clear that the autocorrelation can be assumed to be purely artifactual
from a neuroscientific point of view. Here, much like in the task fMRI
setting, it is instead reasonable to assume that the autocorrelation present
in the signal is partially due to physiological noise uncoupled from neural
activity and partially due to brain hemodynamics (i.e., the temporal
convolution of underlying neuronal activity with the hemodynamic
response function (HRF)). In general, it is of interest for researchers to
remove the impact of autocorrelation arising from the former, while
retaining the influence of the latter. While in the context of task fMRI this
is generally performed within a GLM framework, similar strategies are
not directly applicable to resting-state data due to difficulties in postu-
lating a priori the expected BOLD responses due to hemodynamics. We
explore this topic further in simulation studies.

We begin with the problem set-up and introduction of the sliding-
window technique. We continue by theoretically illustrating how the
presence of autocorrelation within a rs-fMRI time series can lead to po-
tential false positive findings, and discuss possible solutions to the
problem. Finally, we empirically illustrate the autocorrelation problem
through the use of a series of simulations and a test-retest rs-fMRI data
set.

2. Methods

In this section we introduce the problem. We illustrate by studying
bivariate relationships because it makes the problem simple and easy to
understand, with closed-form solutions to many of the necessary ex-
pressions. In the case of the sliding window correlations the jump to the
multivariate case is trivial. Here the multivariate case is equivalent to
computing bivariate correlations for each pair of time courses. This holds
because the Pearson correlation between the i and j™ region does not
depend on any of the other time courses included in the analysis. We do
note that if one is interested in computing partial correlations this no
longer holds, and a multivariate treatment would be required. However,
this is not the focus of the current work.

2.1. Problem set-up

Suppose we are interested in studying the relationship between two
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different time series, denoted y;  and y» ., which are measured over two
separate regions of interest (ROIs) at equally spaced time points t = 1,
..n. Lety, = (yi,, yz‘t)T be a vector containing the values of both time
series at a specific time t. Further, assume that we can separate y, into a
signal (u,) and a noise term (g;), that model the signal related to brain
hemodynamics and nuisance terms uncoupled from neural activity (e.g.,
physiological noise), respectively. Hence, we can write:

Yo=K T &, (@)

where E_1[y,] = g, = (41, #2,)" represents the conditional mean of y,
using all information in the time series observed up to timet — 1, and &; =

(e1¢, €2¢)" represents the noise at time t. Assume the latter has mean zero
and a conditional covariance matrix at time t that can be expressed as

2
0, 012

X = 5 .
O1r 0Oy,

Here the diagonal terms of the matrix represent the conditional
variance of y;, obtained using all information in the time course observed

(2)

up to time ¢t — 1, or 02, = E_1[(yir — Mi_t)z] for i = 1,2. The off-diagonal
term represents the conditional covariance, or ¢y = 01,.02.p,. Here
the term

Es [(yl.z - /41_,) ()’2,1 - ﬂz.r)]

P =
\/[E'*l [ 7”l.r)2} Ei- [(sz 7:“2.r)2]

3

is the conditional correlation coefficient. Under this definition the con-
ditional correlation at time t relies on information that is observed up to
time t — 1. In this paper, we will primarily be concerned with estimating

Pr-
2.2. Sliding-window technique

The sliding-window technique is the most widely-used technique for
estimating TVC. Here, a temporal window of fixed length ¢ is chosen, and
data points within the window are used to compute correlation co-
efficients between pairwise time series of ROIs. New correlation co-
efficients are then calculated by sliding the window across time points.

Here, a general form of the correlation coefficient is given by:

-1

(yl,s - ﬁl.x) (yZ.S - ﬁZ,J)

s=t—f—1

P = @

| \/(If;l (s — /71,.;)2> (.\::Z;,l (2 — ,7“)2>

where Ji; ; and Ji, ; represent the estimated time-varying mean of the two

time series. This equation describes a boxcar window that gives equal
weight to all observations that lie within the window and zero weight to
all other observations. Note it is common to alternatively estimate the
correlation at time t using a window over the interval [t — /2, t + £/2],
that is using the #/2 points before and after t. We note that as long as we
keep track of the reference point in the window used in the sliding
window analysis, and use this reference consistently with regards to any
other simultaneously recorded variables, then it is not important if this
reference point is chosen as the middle of the window or at the beginning
of the window.

2.3. The autocorrelation problem - theoretical illustration

In this section we investigate the effects of autocorrelation related to
the nuisance signal (i.e., the portion assumed uncoupled from neural
activity) on TVC estimation using the sliding-windows technique. Let us
assume that y;, = 0 and ¢;, follows a univariate AR(1) process fori =1,
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2. This implies that we are dealing with two time series consisting solely
of the autocorrelated error term. In matrix form we can write this as
follows:

yz = 8, (5)
& = +w (6)
where w, = (wiy, wz‘[)T are white noise processes with mean zero and

variance X, and

¢ 0 >
P = .
( 0 ¢
Consider for the sake of simplicity and without loss of generality, that

the AR(1) parameters are: ¢b;; = ¢, = ¢. If we let w;, and w,, be in-
dependent, the covariance matrix X,, can be written:

)

2
_ (o 0
X, = < 0 a§> (8
Thus, y, at time t can be written:
y1:¢yl—l+wl‘ (9)

Hence, the terms of y, can be considered two univariate AR(1) pro-
cesses. This set-up corresponds to a null case where the true correlation
between the two time series is 0 at all time points.

Now, the theoretical mean of each time series is E[y; ;] = E[y2¢] =0
and the variance can be written as:

o’ o’
Var(y) =1 = 0

It can be shown (Bartlett, 1935) that the variance of the sample
correlation between these two time series can be approximated by:

i=1,2 10)

—_
o

+¢

Varlp) = 14

an

S| =
)

—_

where n is the sample size; which in the context of sliding-window
technique, is the number of observations used in the window.

The above equation suggests that the variance of the sample corre-
lation between two AR(1) processes depends heavily on the value of ¢,
even when the true correlation between the two processes is zero. In
particular, as ¢ approaches 1, the variance of the sample correlation in-
flates rapidly even though the two time series are truly uncorrelated. This
emphasizes the importance of taking into account the autocorrelation
before making any statements about the significance of correlations be-
tween two time series.

The inflation of the variance of the sample correlation due to auto-
correlation is particularly important in the context of sliding-window
technique as it implies that the variance of the TVC estimate at time t
when using the window of length 7 is given by:

C11+4¢

s (12)

Var(p,)

In other words, as the window length gets smaller, the variance in-
creases. Previous studies have shown that such increased variance has
the risk of being misinterpreted as important information about TVC
driven by neuronal fluctuations, when it is instead entirely consistent
with the correlation being static (Lindquist et al., 2014; Hindriks et al.,
2016). Importantly, although often neglected, is the fact that as the
autocorrelation within each time course increases, the variance of the
correlation between the two time series will similarly increase, and thus
further increase the possibility of observing large correlations in the null
setting.
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2.4. Prewhitening

In order for inference to be valid, the autocorrelation that is present in
most fMRI time series needs to be properly taken into account. This can
either be done by incorporating the additional uncertainty associated
with the autocorrelation into the inferential procedure (i.e., compen-
sating for the autocorrelation when estimating the standard error and
degrees of freedom), or by attempting to remove its influence prior to
analysis (i.e., prewhitening the data). Examples of the former approach
include bootstrapping from the residuals of the fitted model (Zalesky
et al, 2014; Chang and Glover, 2010), and performing
phase-randomization (Hindriks et al., 2016). Here we focus on an
approach for removing the effects of autocorrelation. Prewhitening is a
common strategy for removing temporal autocorrelation from a signal,
particularly in the context of the GLM (Monti, 2011). Therefore, in this
study, we investigate whether prewhitening, applied to the data prior to
using the sliding-window technique, also improves the estimation of
TVC.

To illustrate, let us consider a single univariate times series y =
(1...y2)", where n represents the total number of time points. Assume
further that y has covariance Vo2, which is formulated according to the
chosen autocorrelation model. If we assume that the value of V is known,
we can pre-multiply y by W = V~1/2, Now Wy has covariance matrix
6>WVW = ¢°I. Hence, the effects of autocorrelation have been removed,
and the transformed data set y = Wy is independent and identically
distributed. By applying the sliding-window technique after pre-
whitening has been performed on both time series, one can thereby
avoid the increased variance in the estimated time-varying connectivity
that arises due to autocorrelation; see Eq. (12).

In practice, we generally do not know the value of V. Hence, we need
to estimate it from the data using either the Yule-Walker equations for
AR(p) models or maximum-likelihood methods for ARMA models
(Shumway and Stoffer, 2011). In our simulations and application, we will
assume an AR(1) model throughout and use the Yule-Walker equation
approach towards estimating the model parameters (see Appendix A). In
addition, we will explore both the use of a fixed value of p, and an optimal
order determined using the Bayesian Information Criteria (BIC).

To further characterize the AR(1) filter used in the simulations and
experiment, we can study its spectral density. It can be expressed in
closed form as follows:

[
1= 2¢cos(2af) + ¢7)

2
i

Si(f) = ( 13

where the ¢, o, f, and S;(f) represent the AR parameter, variance of w;,
frequency, and power spectral density of y;, respectively. This illustrates
that in the case of fMRI time series, since ¢ > 0, the power spectrum
density is governed mostly by low frequency components. This result is
derived in Appendix B.

2.5. The autocorrelation problem - empirical illustration using simulations

Here, we performed a series of simulation studies in order to evaluate
the impact of autocorrelation on the estimates of TVC. Specifically, we
began by performing three simulation studies, where TVC was estimated
between two time series with: (1) no correlation; (2) periodic, slowly
varying correlation; and (3) correlation that quickly switches between a
no-correlation state to an enhanced positive correlation state. Details of
how each time series pair was modeled and the type of analysis per-
formed to analyze the time series pair are presented below. The simu-
lations here are done for a bivariate case for the sake of simplicity and
transparency.

The number of time points n was set to 600 for all three simulation
studies. For each simulation, we generated random data y, = (y1, sz)T
using a mean-zero multivariate normal distribution. In each case, the
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covariance matrix at a given time point was set to

= (p(zt) pgt) )

where the covariance term, p(t), was allowed to vary across time for t =
1,...,n. This allowed us to control the dynamic relationship between the
two time series y; ; and y5,. In addition, each time series was simulated to
follow an AR(1) process with parameter ¢; see Appendix C for additional
details. This enabled us to control the degree of autocorrelation within
each time series. For each simulation, the values of p(t) and ¢ were set as
follows:

Simulation 1. p(t) = 0 for all values of t = 1,...n. Here the time series
are uncorrelated across the entire time course, corresponding to null
data. Values of ¢ varied from 0 to 0.9 in increments of 0.1.
Simulation 2. p(t) = sin(t/A) fort =1,...n, A = 1024/(2%) and k =1,
..., 4. Here the correlation changes in a slowly varying periodic
manner. Values of ¢ were set to 0.3, 0.4, and 0.5.

Simulation 3. p(t) is equal to a Gaussian kernel with mean 250 and
standard deviation 15k for t =1,...,nand k = 1,...,4. Thus, p(t) is
non-zero in an interval approximately within +3 standard deviations
from 250. Here the data moves from a state of no correlation to an
enhanced state of positive correlation, and back again. Values of ¢
were set to 0.3, 0.4, and 0.5.

For each choice of p(t) and ¢, simulations 1 through 3 were repeated
1000 times. A window length of 30 TRs (equivalent to about one minute
of scan time) was chosen for the sliding-window technique. Previous
studies have suggested that a window length of one minute may be
optimal for the analysis of rs-fMRI (Leonardi and Van De Ville, 2015).

For all simulations we computed the maximum estimated correlation
across time, as well as the mean squared error (MSE) between the esti-
mated correlation and the true value (i.e., p(t) = p(t)/+/6). Note that in
Simulation 1, the MSE corresponds to the variance of the correlation
across time, which is a common summary of TVC. We then repeated the
three simulation studies using the prewhitened pairs of time series.
Specifically, we used the Yule-Walker equations to estimate the param-
eters of the univariate AR(1) model, prewhitened the data, and applied
the sliding-window technique to the prewhitened data.

Finally, we performed a fourth simulation to generate a data set with
known number and transition patterns of brain states. We then used the
data set to assess our ability to recover the underlying brain states.

Simulation 4. We used the SimTB toolbox (Erhardt et al., 2012), with
the same simulation settings described in Allen et al. (2014). Data was
generated for 10 ROIs using 4 discrete states to describe their un-
derlying connectivity structure. In total there were five transisitions
between states, with State 2 repeating. The simulation parameters
(TR = 2, 148 vol) were roughly matched to experimental data.

Importantly, this simulation creates an autocorrelation in the data
that is partially based on brain hemodynamics, as SimTB mimics
neuronal activation using a linear convolution with a canonical hemo-
dynamic response function.

We were also interested in determining whether the use of pre-
whitening may remove the effects of hemodynamics, and thereby nega-
tively affect the estimation of brain states. We thus estimated the TVC
using two different variants of the simulated data: (i) non-prewhitened;
and (ii) prewhitened using an AR(1) model. The sliding-window tech-
nique with window length of # =30 was applied to each variant,
yielding a 10 x 10 x 118 array (n— ¢ = 148 — 30 = 118) of time-
varying correlation matrices. Next, we used k-means clustering with 4
centroids to estimate the true underlying brain states. As input we used
the 45 x 118 matrix consisting of the lower triangular portion of the
correlation matrices (10(10 — 1)/2 elements) at each of the 118 time
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points. We used the cluster centroids as estimates of true underling brain
states.

2.6. The autocorrelation problem - empirical illustration using
experimental data

2.6.1. Image acquisition

We used the Multi-Modal MRI Reproducibility Resource from the F.M.
Kirby Research Center; colloquially referred to as Kirby21. A detailed
description of the acquisition protocol can be found in Landman et al.
(2011), and is briefly summarized here. The resource includes data from
21 healthy adults scanned on a 3T Philips Achieva scanner designed to
achieve 80 mT/m maximum gradient strength with body coil excitation
and an eight channel phased array SENSitivity Encoding (SENSE)
(Pruessmann et al., 1999) head-coil for reception. All participants
completed two scanning sessions on the same day, between which they
briefly = exited the scan room. A  Tl-weighted (T1w)
Magnetization-Prepared Rapid Acquisition Gradient Echo (MPRAGE)
structural run was acquired during both sessions (acquisition time =6
min, TR/TE/TI = 6.7/3.1/842 ms, resolution= 1 x 1 x 1.2 mm?>, SENSE
factor=2, flip angle= 8°). A multi-slice SENSE-EPI pulse sequence
(Stehling et al., 1991; Pruessmann et al., 1999) was used to acquire two
rs-fMRI runs during each session. Each run consisted of 210 vol sampled
every 2s at 3 mm isotropic spatial resolution (acquisition time: 7 min,
TE =30 ms, SENSE acceleration factor = 2, flip angle = 75°, 37 axial
slices collected sequentially with a 1 mm gap). Participants were instruc-
ted to rest comfortably while remaining still, and no other instruction was
provided. One participant was excluded from further analyses due to
excessive head motion.

2.6.2. Image processing

The data was preprocessed using SPM8 (Wellcome Trust Centre for
Neuroimaging, London, United Kingdom) (Friston et al., 1994) and
custom MATLAB (The Mathworks, Inc., Natick, MA) scripts. Four vol-
umes were discarded at acquisition to allow for the stabilization of
magnetization, and an additional volume was discarded prior to pre-
processing. Slice-time correction was performed using the slice acquired
at the middle of the TR as a reference, and rigid body realignment
transformation was performed to adjust for head motion. Structural runs
were registered to the first functional frame and spatially normalized to
Montreal Neurological Institute (MNI) space using SPMS8's unified
segmentation-normalization algorithm (Ashburner and Friston, 2005).
The estimated rigid body and nonlinear spatial transformations were
applied to the rs-fMRI data, which were high-pass filtered using a cutoff
frequency of 0.01 Hz. The rs-fMRI data was spatially smoothed using a
6 mm full-width-at-half-maximum (FWHM) Gaussian kernel, which is
twice the nominal size of the rs-fMRI acquisition voxel.

The Group ICA of fMRI toolbox (GIFT) (http://mialab.mrn.org/soft-
ware/gift; Medical Image Analysis Lab, Albuquerque, New Mexico) was
used to estimate the number of independent components (ICs) present in
the data, perform data reduction via principal component analysis (PCA)
prior to independent component analysis (ICA), and perform group in-
dependent component analysis (GICA) (Calhoun et al., 2001) on the
PCA-reduced data. Estimation of the number of ICs was performed using
the minimum description length (MDL) criterion (Li et al., 2007). Across
subjects and sessions, 56 was the maximum estimated number of ICs and
39 the median. Prior to GICA, the image mean was removed from each
time point for each session, and three steps of PCA were performed. In-
dividual session data were first reduced to 112 principal components
(PCs), and the reduced session data were then concatenated within
subjects in the temporal direction and further reduced to 56 PCs. Finally,
the data were concatenated across subjects and reduced to 39 PCs. The
dimensions of the individual session PCA (112) was chosen by doubling
the estimated maximum IC number (56), to ensure robust
back-reconstruction (Allen et al., 2011, 2012) of subject- and
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session-specific spatial maps and time courses from the group-level in-
dependent components. ICA was repeated on these 39 group-level prin-
cipal components 10 times, utilizing the Infomax algorithm with random
initial conditions (Bell and Sejnowski, 1995). The resulting 390 ICs were
clustered across iterations using a group average-link hierarchical strat-
egy, and 39 aggregate spatial maps were defined as the modes of the
clusters. Subject- and session-specific spatial maps and time courses were
generated from these aggregate ICs using the GICA3 algorithm.

The spatial distribution of each of the group-level, aggregate ICs was
compared to a publicly available set of 100 unthresholded t-maps of ICs
estimated using rs-fMRI data collected from 405 healthy participants
(Allen et al.,, 2014). These t-maps have already been classified as
resting-state networks (RSNs) or noise by a group of experts, and the 50
components classified as RSNs have been organized into seven large
functional groups: visual (Vis), auditory (Aud), somatomotor (SM),
default mode (DMN), cognitive-control (CC), sub-cortical (SC) and
cerebellar (Cb) networks. For each of the group-level spatial maps, we
calculated the percent variance explained by the seven sets of RSNs. The
functional assignment of each Kirby component was determined by the
set of components that explained the most variance, and if the top two
sets of RSNs explained less than 50% of the variance in a Kirby compo-
nent, the component was labeled as noise. In total 21 of the 39 compo-
nents were determined to belong to a RSN. Subject- and run-specific time
series from these components then served as input for the dynamic FC
analyses described below.

Prewhitened
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2.6.3. Prewhitening

TVC was estimated using three variants of the experimental data.
Specifically, (i) the original (non-prewhitened) data, (ii) prewhitened
data assuming an AR(1) model, and (iii) pre-whitened data using the
optimal AR order chosen based on the Bayesian Information Criteria
(BIC).

2.6.4. Time varying functional connectivity analysis

The sliding-window technique with # = 30 was applied to the data
for each subject and run. This gave rise to a 21 x 21 x 210 array of
correlation matrices for each time point. Following the method of Allen
and colleagues (Allen et al., 2014), we used k-means clustering to esti-
mate recurring brain states across subjects for each run. First, we reor-
ganized the lower triangular portion of each subject's dynamic
correlation data into a matrix with dimensions 210 x 210; here the row
dimension corresponds to the number of elements in the lower triangular
portion of the matrix (i.e., 21(21 — 1)/2), and the column dimension
corresponds to the number of time points. Then we concatenated the data
from all subjects into a matrix with row dimensions 210 and column
dimensions (210 x 20 = 4200). Finally, we applied k-means clustering
to the concatenated data set, where each of the resulting cluster centroids
were assumed to represent a recurring brain state. Based on prior analysis
of the data set (Choe et al., 2017), we chose the number of centroids to be
equal to two, representing two distinct brain states. The same analysis
was performed for both of the imaging sessions.
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Fig. 1. Results of Simulation 1. Box plots of (a) the maximum sample correlation and (b) the variance of sample correlation for Simulation 1, where the time series are
uncorrelated across the entire time course, corresponding to null data. Values of AR parameter, ¢, varied from 0 to 0.9 in increments of 0.1.
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Fig. 2. Results of Simulation 2. Box plots of the mean squared error (MSE) between the estimated correlation and the true value of sample correlation for Simulation 2,
where p(t) = sin(t/A) with A = 1024/(2). Values of AR parameter, ¢, were set to 0.3, 0.4, and 0.5.
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Fig. 3. Results of Simulation 3. Box plots of the mean squared error (MSE) between the estimated correlation and the true value of sample correlation for Simulation 3,
where p(t) is a Gaussian kernel with mean 250 and standard deviation of 15k. Values of AR parameter, ¢, were set to 0.3, 0.4, and 0.5.

Fig. 4. Results of Simulation 4. Time varying
connectivity was generated for 10 ROIs
whose connectivity structure altered between
4 states, labeled here as “True States” (middle
panel). The timing of the transitions are
shown in black in the top panel and the
generated time courses are shown in the
panel below. Using the sliding-window tech-
nique with w =30 and k-means clustering,
the states were estimated both using the raw
(non-prewhitened) and prewhitened data.
The correlation between each estimated state
and the corresponding true state are indi-
cated by arrows. Consistently these correla-
tions are higher for the prewhitened data,
except for State 2. The estimated states using
the prewhitened data (top panel, dashed
blue) showed less transitions compared to the
non-prewhitened data (top panel, red) and
estimated state-transitions closer to the true
Time (s) states (top panel, black). In addition, the
state-transitions estimated from the raw data
consistently starts to occur earlier then the
true state-transition timings.
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3. Results
3.1. Simulations

3.1.1. Simulation 1

For the first simulation, p(t), which controls the true dynamic corre-
lation between the pair of time series, is set to 0. Hence, the time series
are uncorrelated across time. Fig. 1a shows box plots of the maximum
sample correlation across simulations for both the non-prewhitened data
and the prewhitened data. As expected, the maximum correlation in-
creases as a function of ¢ for the non-prewhitened data. In particular, for
values of ¢ above 0.3 the correlations begins to steadily increase, which is
consistent with the theoretical results. In contrast, prewhitening the data
prevents similar increase of correlation as a function of the value of ¢.
Similarly, Fig. 1b shows that the variance of the sample correlation
(equivalent to the MSE in this case) also increases as a function of ¢ for
the non-prewhitened data, while prewhitening lowers the estimated
variance. Together these results suggest that prewhitening lessens the
risk of observing extreme correlations in the null setting.

3.1.2. Simulation 2

For the second simulation study, we set p(t) = sin(t/A), where A =
1024/(2%) and k =1, ...,4 to simulate a correlation that changes in a
slowly varying periodic manner. As seen in Fig. 2, the MSE between the
estimated correlation and the true value of p(t) increases as a function of
¢. In contrast, prewhitening the data circumvents these issues as ex-
pected. This simulation indicates that when a true correlation exists be-
tween two time series, prewhitening the data reduces the MSE and hence
allows us to obtain a better estimate of the true underlying correlation.

3.1.3. Simulation 3

For the third simulation study, we let p(t) correspond to a Gaussian
kernel with mean 250 and standard deviation of 15k with k = 1,2, 3,4.
Fig. 3 shows how the MSE between the estimated correlation and the true
value of p(t) increases as a function of ¢. Again, prewhitening the data
reduces the MSE and hence we obtain a better estimate of the true
correlation.

3.1.4. Simulation 4

For the fourth simulation study, we investigated two variants of the
data: (i) non-prewhitened; and (ii) prewhitened using an AR(1) model.
Fig. 4 shows the true underlying states (middle panel). The timing of the
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transitions are shown in black in the top panel and the generated time
courses (prior to prewhitening) are shown in the panel below. As shown
in Fig. 4, the estimates of the brain states and the state-transitions dis-
played a high degree of reliability for both variants. Interestingly, the
prewhitened data led to better estimates of both the states and state-
transitions. The correlation between each estimated state and the cor-
responding true state are shown along the arrows in the bottom panels.
Except for State 2, the correlations are consistently higher for the pre-
whitened data. In addition, the estimated states using the raw data
showed more transitions (top panel, red) than the prewhitened data (top
panel, dashed blue), which estimated the transitions closer to the truth
(top panel, black). In general, the state-transitions estimated from the
raw data consistently occurs earlier in comparison to the actual state-
transition timings.

3.2. Experimental data

We analyzed three different variants of the preprocessed Kirby21
data: (i) non-prewhitened; (ii) prewhitened assuming an AR(1) model;
and (iii) prewhitened using an optimal AR model determined using the
BIC.

Fig. 5 shows the estimated AR(1) parameters for each RSN and sub-
ject. The average AR(1) parameter for this data set was 0.5994. Hence,
the inflation of variance of the sample correlation and maximum esti-
mated correlation stands to be considerable according to the results
shown both in Eq. (11) and Fig. 1. It is interesting to note that there are
substantial differences in autocorrelation between subjects, regions, and
sessions. Fig. 6 demonstrates the optimal AR order that were selected
using the BIC. The mean of the orders used for Session 1 was 2.74 and
Session 2 was 2.481. This indicates an average AR order of approximately
3. However, note again there are significant differences across both
subjects and regions.

Throughout the study, we concentrated on identifying two distinct
brain states by setting the number of clusters in the k-means algorithm to
2. Fig. 7 shows the resulting estimated brain states for Sessions 1 and 2,
for the 3 variants of the Kirby 21 data. Using the between-session spatial
correlation as a measure of reliability, we found that the two brain states
were highly reliable across sessions regardless of the type of pre-
whitening that was performed. State 2 was characterized by stronger
correlations (both positive and negative) relative to State 1. Moderate to
strong negative correlations between sensory systems (auditory, soma-
tomotor, and visual) components were present in State 2 but were
reduced in State 1.
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Fig. 5. Estimates of the AR(1) parameter ¢ for the Kirby 21 data. Each row consists of a subject and each column a RSN. Results are shown separately for each session.
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Fig. 6. The optimal AR orders identified using BIC for each session, subject, and RSN of the Kirby21 dataset.
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Fig. 7. Brain states estimated using sliding-windows + k-means of the Kirby21 data set. For each session two brain states are estimated. The results are represented for
the non-prewhitened data (top), the data prewhitened using an AR(1) model (middle), and the data prewhitened using an optimal AR(p) model (bottom). The brain
states are organized into seven large functional groups: visual (Vis), auditory (Aud), somatomotor (SM), default mode (DMN), cognitive-control (CC), sub-cortical (SC)

and cerebellar (Cb) networks.
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Though the ground truth is not known, we can see in Fig. 8 that clear
differences between the two prewhitened cases and the non-prewhitened
cases exist. The differences appear largest in the sensory systems com-
ponents, with differences in certain RSNs taking values up to 0.3. How-
ever, the impact of prewhitening seems to be much greater than that of
the choice of AR-model. For each variant, the estimates of the brain states
are similar across sessions, indicating a high degree of reliability in brain
state estimates.

4. Discussion

There is increasing evidence that TVC provides important informa-
tion about brain function (Chang and Glover, 2010; Hutchison et al.,
2013a; Preti et al., 2016; Tagliazucchi et al., 2012; Thompson et al.,
2013; Allen et al., 2014). To date, a number of different methods have
been proposed for estimating TVC, with the sliding-window technique
currently being the most commonly used approach. Although multiple
previous studies have performed in-depth investigations of the effects of
nuisance confounders (e.g., motion) on TVC estimates, to date there has
not been a similarly thorough investigation of the effects of autocorre-
lation on TVC estimates. In this paper, we show both theoretically and
empirically that the presence of autocorrelation leads to increased esti-
mates of time-varying correlation, even in the null setting, which in turn
increases the risk of false positive findings and can potentially have
detrimental effects on the estimation of brain states.

When assessing the quality of an estimator it is important to consider
its sampling variability. This refers to how much the estimated statistic
(i.e., TVC) varies from sample to sample. The lower the sampling vari-
ability, the more precise the subsequent inference (e.g., confidence in-
tervals and hypothesis tests). As in any statistical inference problem, the
estimated TVC can be sensitive to the procedure used to obtain the
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estimate. For the sliding-window technique it is well known that the
sampling variability depends on the window length, with smaller win-
dows giving rise to larger sampling variability. In this study, we show
that the sampling variability is also affected by the existence of auto-
correlation within time series (Bartlett, 1935), with increased autocor-
relation associated with increased sampling variability. Because the
sliding-window technique estimates a series of correlations across time,
we can think of them as ‘repeated samples’ from the sampling distribu-
tion for a standard correlation. Therefore, as the length of the time series
increases, the estimates will eventually sample values across the entire
range of the sampling distribution. Thus, even in the absence of a true
correlation, we will obtain estimates across the range of feasible values
under the null distribution. As this range increases so does the risk for
obtaining artificially large estimates.

Our simulations show that when the time series are truly uncorre-
lated, the variance of the sample correlation increases as a function of the
autocorrelation (Fig. 1). However, when prewhitening is used to remove
the effects of autocorrelation, the variance of the sample correlation is
reduced and no longer positively correlated to the value of ¢. Further, our
simulations illustrate that in the presence of a true TVC, prewhitening
still allows for a more accurate estimation of TVC (Figs. 2 and 3).

The impact of autocorrelation has been extensively studied in the
context of task-fMRI (e.g., Bullmore et al. (1996); Purdon and Weisskoff
(1998); Woolrich et al. (2001); Lund et al. (2006)). Here the data is
prewhitened in order to make the residuals from a general linear model
(GLM) analysis, after removal of task-related neuronal activity, uncor-
related. The use of prewhitening in the analysis of rs-fMRI data is less
explored (Christova et al., 2011; Arbabshirani et al., 2014), and also
more complex. The reason is that in contrast to task-fMRI, it is not
possible to remove important neuronal activity prior to performing pre-
whitening. Thus, in the context of rs-fMRI it is reasonable to assume that
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Fig. 8. The difference between the estimated brain states shown in Fig. 7. The top row shows the difference between the non-prewhitened (NPW) data and the data
prewhitened using an AR(1) model for each brain state and session. The middle shows similar results comparing the non-prewhitened data and the data prewhitened
using an optimal AR(p) model. Finally, the bottom row compares the two prewhitened data sets.
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the autocorrelation present in the signal is partially due to physiological
noise and partially due to brain hemodynamics. Therefore, it is not clear
that one actually wants to make the signal entirely uncorrelated, as this
may remove the effects of important neuronal information related to the
hemodynamic response function (HRF). Simulation 4 was constructed to
illustrate such a situation, and it appears that performing prewhitening
did not have detrimental effects on the results (Fig. 4). This may perhaps
also help explain why using AR models of different orders did not provide
substantially different results (Figs. 7 and 8), as partial removal of
autocorrelation may be sufficient. This is a topic of future work, and
interestingly a paper recently appeared that showed that HRF variability
can potentially confound resting-state fMRI functional connectivity
(Rangaprakash et al., 2018).

As the ground truth is not known, the investigation of the TVC esti-
mation in experimental data is more challenging. However, we observe
clear differences between estimates of brain states (see Fig. 8) that we
hypothesize are due to the manner in which the autocorrelation was
handled. To illustrate, Fig. 5 shows that the estimated AR(1) parameter
for each RSN and subject, takes an average value equal to 0.5994. These
results indicate that the level of autocorrelation in the data reach levels
where the variability in estimated time-varying correlation is large,
which can potentially increase the risks of false positive findings if the
autocorrelation is not properly accounted for. This can be seen by
comparing the empirically estimated values of ¢ with the equivalent
values in Fig. 1. Clearly, we are in a range where our simulations have
shown increased variability that can potentially be addressed using
prewhitening. We believe this is leading to the observed differences in
brain states, and that the prewhitened states are closer to the ground
truth. Interestingly, there are substantial differences in autocorrelation
between subjects, regions, and sessions. Hence the sampling variability
will differ depending on which RSNs are being compared.

In fMRI research, it is commonly assumed that the order of the AR
process is fixed. In this study, we also computed the optimal AR order

Appendix A
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using the BIC, and the results show that the average AR order is
approximately 3 (Fig. 6). However, significant differences across subjects
and regions were observed suggesting that the optimal AR model may in
fact not be fixed. Interestingly, while we can see clear differences be-
tween estimated brain states when the data has been prewhitened versus
when it has not, the effect of which AR model selection procedure was
used is relatively small (Figs. 7 and 8). This indicates that perhaps the
type of prewhitening performed is less important than that the procedure
is actually performed at all.

A general take-home point of the simulations and application to
experimental data is that in order for inference based on fMRI data to be
valid, the autocorrelation needs to be properly taken into account. One
way to do this is to incorporate the additional uncertainty related to the
autocorrelation into the subsequent inferential procedure (i.e., taking
into consideration the fact that the time-varying connectivity is estimated
with a higher degree of variability, and with fewer degrees of freedom).
For example, one can compensate for the autocorrelation when esti-
mating the standard error of the point estimate. However, this aproach
becomes less optimal when performing a secondary analysis on the
estimated TVC (e.g., k-means clustering to determine brain states) as the
input data will be noisier and therefore risks giving rise to noisier output
as well. Alternatively, one can attempt to remove its influence prior to
analysis by prewhitening the data. This is the approach we have taken in
this work.
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Here we describe the Yule-Walker approach towards estimating the parameters in a univariate AR process. Let us assume we are working with an

AR(p) process, given by the following equation:

»
= Z by + &
=1

(14

Note that here, without loss of generality and for the sake of simplification, we assume a zero-mean model; nevertheless, the estimation of mean is

straightforward.

By multiplying both sides of Eq. (14) by y,_p, for h = 0,...p, and taking the expected value, we obtain p + 1 difference equations written as follows:

Yo=Hr + - +¢p}/p+o—2

=t Dty h=12,...p

where y; represents the lag h autocorrelation.
Thus, the Yule-Walker equations can be expressed as follows:

P
Yn :Z¢iyh—i+626h-0’ h= 1«,27~~~7P
i=1

(15)

(16)

17

where 6o = 1 and 6, = 0 for h > 0. This equation can be written in matrix form as follows:
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or alternatively,
v, =T,®. 19)

The solution can be obtained by computing:

-~ 1
®=T,7, (20)
Once @ is estimated, we can now pre-whiten the data by computing:
L ~
Vo=v=> by (21)
i=1
In the case of AR(1) this can be written as:

V=Y = ;/;)’t—l @2

Hence, in the prewhitening process, the identification of the AR(1) model is first required, followed by the computation of Eq. (22).
Appendix B

In this section, we provide a the proof of expression shown in Eq. (13). Recall that the spectral density of a time series can be written as follows:
+00 )
S(f) = Z y(h)e’z””h (23)

h=—00

For an AR(1) process,

y(h) = o " (24
(1-4")
Thus, the spectral density can be written as:
S(f) = o’ io ¢\h\e—2/tjfh
(1 - 4]2) h=—c0

_ - i“’: ¢ (e 4 e
(1 - ¢2) h=1
2
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(=) (1 g T ¢e2”-f”’)
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62

(1 —2¢cos(2af) + ¢*)

The corresponding pre-whitening filter for this process will then be a high-pass filter (= 1/(1/S(f) )). In Supplemental Material Fig. 1, we show
examples of the pre-whitening filter for various choices of ¢. Clearly, as value of ¢ increases the amount of low-frequency components removed by the
filter similarly increases.

Appendix C
Here we describe how data is generated in our simulation studies. Assume y; ; and y,, both follow an AR(1) process:

Yipg = Y11 + Wiy Wi ™~ J/EO’ Ojg (25)

. 2
Var = Pyoi1 +ways wa, ~ .40, 0,

In matrix form this can be written:
Yie ¢ 0 Yii-1 Wi
A S 26
<Y2,x> (0 ¢><)’2.z—1> + <W2.r> (26)
or
Y :(I)yz—l +we, (27)

where @ is (2 x 2) coefficient matrix and w; is an (2 x 1) zero mean white noise vector process (serially uncorrelated or independent) with time
invariant covariance matrix %,,.
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In the generation of the synthetic data, we first fix the values of the covariance matrix X,, of the innovations driving the AR-process and the co-
efficient matrix ®, therafter we generate w; for all ¢, and finally we sequentially generate y, according to Eq. (27).

Appendix D. Supplementary data

Supplementary data to this article can be found online at https://doi.org/10.1016/j.neuroimage.2019.04.042.
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