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A B S T R A C T

Due to the low temporal resolution of BOLD-fMRI, imaging studies on human brain function have almost exclusively focused on instantaneous correlations within the
data. Developments in hardware and acquisition protocols, however, are offering data with higher sampling rates that allow investigating the latency structure of
BOLD-fMRI data. In this study we describe a method for analyzing the latency structure within BOLD-fMRI data and apply it to resting-state data of 94 participants
from the Human Connectome Project. The method shows that task-positive and task-negative networks are integrated through traveling BOLD waves within early
visual cortex. The waves are initiated at the periphery of the visual field and propagate towards the fovea. This observation suggests a mechanism for the functional
integration of task-positive and task-negative networks, argues for an eccentricity-based view on visual information processing, and contributes to the emerging view
that resting-state BOLD-fMRI fluctuations are superpositions of inherently spatiotemporal patterns.
1. Introduction

Over the past two decades, blood-oxygen level-dependent functional
magnetic resonance imaging (BOLD-fMRI) has brought about a para-
digm shift in our thinking about brain function. BOLD-fMRI studies
revealed indeed that in the absence of controlled stimuli or explicit
cognitive or perceptual tasks i.e. during the resting-state, brain activity
is organized into distributed networks of correlated fluctuations, which
correspond to known functional systems (Damoiseaux et al., 2006).
Several methods have been proposed to extract functional networks
from resting-state fMRI data, among which seed-based functional con-
nectivity (FC) (Biswal et al., 2010) and spatial independent component
analysis (spatial ICA) (Beckmann et al., 1457) are the most widely used.
A drawback of seed-based FC is that it does not enable disentangling
different functional processes that contribute to FC, at least not when
these processes overlap in space. The same is true for spatial ICA, which
yields the classical resting-state networks (RSN's) under the assumption
of no (significant) spatial overlap. As noted in (Smith et al., 2012), the
main reason for the widespread use of spatial ICA in analyzing
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resting-state fMRI data is not its biological plausibility, but the
requirement of spatial ICA algorithms to have many more samples than
variables, which is typically true for spatial samples (spatial ICA), but
not for temporal samples (temporal ICA). Using a spatial dimension
reduction technique, Smith et al. (2012) applied temporal ICA to
resting-state fMRI data, which yielded networks that are markedly
different from the networks extracted with spatial ICA. In particular, the
networks often comprised both activated and deactivated regions and
tended to overlap in space. In the current study we essentially extracted
the same networks (see Fig. 1). Besides temporal ICA, several other
methods have been proposed to extract functional networks (Liu and
Duyn, 2013; Yeo et al., 2014; Karahanoglu and Van De Ville, 2015). In
these and similar studies, the extracted networks are usually interpreted
as fluctuating more or less independently. This is most clearly the case
for temporal ICA, which yields networks with temporally independent
time-courses (Hyv€arinen, 1999).

One of the reasons why functionally distinct networks are often
thought of as independent, is because their time-courses often are un-
correlated. In the case of temporal ICA this is by construction, but
terdam, the Netherlands.
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spatial ICA and other methods typically yield uncorrelated time-courses
as well. Within the field of resting-state BOLD-fMRI, the term “corre-
lation” usually refers to correlation at lag zero and it is insufficiently
acknowledged that correlations might also exist at non-zero latencies.
Within the last decade or so, and using different analysis methods,
several studies have reported reproducible latencies between resting-
state BOLD-fMRI signals of healthy subjects, (Cecchi et al., 2007;
Majeed et al., 2009, 2011; Garg et al., 2011; Mitra et al., 2014;
Thompson et al., 2014; Gravel et al., 2017; Griffa et al., 2017; Raati-
kainen et al., 2017), specific alterations in latency structure under
general anesthesia and slow-wave sleep (Wu et al., 2018; Mitra et al.,
2015b), and have explored its use as a biomarker for autism spectrum
disorders (Mitra et al., 2017) and stroke (Siegel et al., 2016). These and
other studies are leading to the view that ongoing BOLD fluctuations are
organized as propagating patterns that are characterized by relative
latencies and, as such, are intrinsically spatiotemporal. For example
(Majeed et al., 2011), analyzed fast (TR¼ 300ms) resting-state
BOLD-fMRI data from rats and humans and observed
quasi-periodically occurring waves of BOLD activity that propagated
through different functional systems. Using simultaneous BOLD-fMRI
and local field potential recordings in anesthetized rats, Thompson
et al. (2014) demonstrated that such quasi-periodic patterns correlate
with infra-slow electrical fluctuations. Mitra et al., 2014, 2015a showed
that latency patterns can also be extracted from data with longer
acquisition times (2–3 s). These studies add to the evidence presented in
studies using other measurement modalities, including local field po-
tentials, voltage sensitive dyes, and calcium imaging, that have reported
propagating patterns of cortical activity in several species, under a wide
range of conditions, and in diverse cortical regions (Golomb and Amitai,
1997; Contreras and Llinas, 2001; Benucci et al., 2007; Rubino et al.,
2006; Wu et al., 2008; Lubenov and Siapas, 2009; Mohajerani et al.,
2010; Sato et al., 2012; Takahashi et al., 2015; Townsend et al., 2015;
Zanos et al., 2015; Zhang and Jacobs, 2015; Vanni et al., 2017; Mitra
et al., 2018).

The existence of signal propagation in resting-state BOLD-fMRI data
raises the question how propagation patterns relate to known functional
networks and zero-lag FC. Mitra et al. (2014) argued that ongoing BOLD
fluctuations propagate both within as well as between RSN's, suggesting
that RSN's might be embedded in propagation patterns and hence are
part of a more comprehensive spatiotemporal organization that in-
tegrates the activity within different RSN's. Viewed from a spatiotem-
poral perspective, zero-lag FC can be interpreted as reflecting the fact
that the involved regions are situated at the same phase of a propagating
pattern, thus leading to simultaneous activation. The absence of zero-lag
FC, on the other hand, might reflect true independence or activation at
different phases of a propagating pattern, thus leading to sequential
activation. A direct demonstration of this view has recently been reported
(Matsui et al., 2016). Matsui et al. measured hemodynamic signals in
anesthetized mice and observed traveling waves of BOLD signal across
the neocortex and found a negative correlation between lag and zero-lag
FC. They furthermore observed that propagating waves sequentially
activated homologue regions of different RSN's, thereby demonstrating
that zero-lag FC arises from propagating activity. Such sequential acti-
vation of functionally related regions has been observed in several sub-
sequent studies (Ma and Zhang, 2017; Vanni et al., 2017; Mitra et al.,
2018). These and other studies argue for a more comprehensive view on
resting-state cortical activity, in which BOLD fluctuations within separate
functional systems are linked through propagation of BOLD signals.

In this study we propose a method to characterize the latency struc-
ture of ongoing BOLD signals about a given functional network, whether
defined through spatial (Beckmann et al., 1457) or temporal ICA (Smith
et al., 2012) or some other method (Liu and Duyn, 2013; Yeo et al., 2014;
Karahanoglu and Van De Ville, 2015). The method provides information
on how the BOLD signals behave in the temporal vicinity of the networks’
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peak-activation and allows to detect the presence of signal propagation or
flow i.e. entanglement between fluctuations in space and time. The
method differs from the approaches taken in (Majeed et al., 2009, 2011;
Mitra et al., 2014, 2015a; Thompson et al., 2014) in that, instead of first
extracting the latency structure (Mitra et al., 2014, 2015a) or
quasi-periodic patterns (Majeed et al., 2009, 2011; Thompson et al.,
2014) from the data and subsequently relating it to known functional
networks, we select a network of interest and directly characterize its
flow. It is therefore appropriate in situations in which the dynamics of a
given functional network need to be investigated. To test the hypothesis
that a given network is embedded in a flow, we describe the construction
of appropriate null-data. The null-data has more general applicability and
can be used to assess statistical significance of any aspect of propagation,
such as the number of latency maps or the occurrence of quasi-periodic
patterns (Majeed et al., 2009, 2011; Mitra et al., 2014, 2015a; Thomp-
son et al., 2014). It consists of repeated randomization of the data-set at
hand, in such a way as to destroy the time-asymmetry in its
cross-covariance structure, while preserving its auto-covariance struc-
ture. From the obtained collection of surrogate data-sets, the
null-distribution of any desired lag-based index can be approximated and
p-values can thus be calculated. We emphasize the importance of
appropriate null-data and note that earlier studies on propagation phe-
nomena in BOLD-fMRI data have either not directly tested for the pres-
ence of propagation or have used inappropriate null-data. Its importance
is illustrated by the field of dynamic FC, in which the majority of studies
either have not used any statistical testing, or have use inappropriate
null-data, with the consequence that the majority of dynamic FC studies
contain claims that have not been properly tested for (Hindriks et al.,
2016).

We apply the method to functional networks extracted via temporal
ICA i.e. temporal functional modes (TFM's) (Smith et al., 2012). To
render temporal ICA applicable, we reduce the number of spatial samples
by representing the data in the basis of spherical harmonics, defined on
the cortical surface. This reduces the number of spatial samples by two
orders of magnitude, while retaining the maximal amount of informa-
tion. We use resting-state BOLD-fMRI data from 94 subjects of the Human
Connectome Project (HCP) (Glasser et al., 2013) and use multiple scan-
ning sessions per subject to extract reliable modes and to establish
reproducibility of the results. We find nine reliable TFM's, most of which
correspond to those reported in (Smith et al., 2012). Most TFM's are
bi-modal, in contrast to the classical RSN's extracted via spatial ICA
(Smith et al., 2012). The usual interpretation of the amplitudes of a given
mode or network is that they reflect the strength with which the mode is
expressed at the respective voxels. We illustrate the usefulness of the
proposed method by showing that this interpretation is only valid in the
absence of flow: In the presence of flow, the amplitudes partly reflect the
timing of ongoing BOLD signals from the respective voxels, relative to the
mode's peak-activation. Statistical testing demonstrated that several
TFM's are embedded in BOLD signal flow. Analysis of one of these TFM's
revealed that fluctuations in the task-positive network (TPN) and the
task-negative network (TNN) are linked through traveling BOLD waves
in early visual cortex (visual areas V1-V4). This observation provides
further evidence for the existence of spatiotemporal building blocks of
human brain function in which ongoing cortical fluctuations are entan-
gled in space and time (Majeed et al., 2009, 2011; Mitra et al., 2014,
2015a; Thompson et al., 2014). Interestingly, the traveling waves are
initiated in the periphery of the visual field and propagate towards the
fovea and do this synchronously across hemispheres and visual areas
(V1-V4). The observed waves explain why zero-lag FC in BOLD-fMRI
within early visual cortex is eccentricity-based (Arcaro et al., 2015) as
iso-eccentric locations are activated at the same phase of the wave, and
why no zero-lag FC is observed between locations with different eccen-
tricities (Arcaro et al., 2015) as such regions are activated at different
phases of the wave. It thus appears, at least in early visual cortex, that
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zero-lag functional connectivity arises from propagating activity,
providing more evidence for the embedding hypothesis of cortical ac-
tivity (Matsui et al., 2016).

2. Materials and methods

2.1. Resting-state BOLD-fMRI data

We provide a short description of the acquisition and pre-processing
of the data used in this study. Details can be found in (Glasser et al., 2013;
Salimi-Khorshidi et al, 2014). We used the resting-state BOLD-fMRI data
from the 94 subjects of the Human Connectome Project that also un-
derwent resting-state magnetoencephalographic (MEG) recordings (Lar-
son-Prior et al., 2013). These subjects were chosen to enable cross-modal
comparisons in a subsequent study. Each subject was scanned four times
using gradient-echo echo-planar imaging with a 3T Siemens “Con-
nectome Skyra” scanner for 15min. The subjects were asked to lie still
and fixate at a white cross-hair on a dark background, think of nothing in
particular, and not to fall asleep. The four scans correspond to two
different phase-encoding directions (left-right and right-left), each used
two times and were used to verify the reproducibility of the results. This
yielded data with a cubic resolution of 2mm and an acquisition time of
0.72 s. The data were subsequently registered to standard HCP cortical
meshes. Nuisance signals such as motion-derived artefacts and physio-
logical noise where cleaned using ICA-FIX, a classifier approach that
removes “bad” components from the data. Detailed accounts of ICA-FIX
performance can be found in (Salimi-Khorshidi et al, 2014; Griffanti
et al., 2014) These procedures yield the FIX-denoised-compact HCP data
(Smith et al, 2013) which was used as the starting point for our analysis.
Prior to analysis, the BOLD time-series were bandpass filtered between
0.01 and 0.1 Hz using a zero-phase fourth-order Butterworth filter.

2.2. Dimensionality reduction

To reduce the spatial dimension of the data, we made use of the
spherical topology of the cortical meshes, by representing the data in the
spherical Fourier domain i.e. as linear combinations of (real-valued)
spherical harmonics. Specifically, let Xi be the s� t data matrix of HCP
subject i for i ¼ 1;⋯94, where s ¼ 64984 denotes the number of cortical
vertices and t ¼ 1200 denotes number of temporal samples. We express X
in the basis of spherical harmonics up to a given order mmax. The har-
monics were sampled on the HCP standard spherical meshes (separately
for the left and right hemispheres) and mapped to the convoluted cortex
using the homeomorphic spherical registration mapping (Glasser et al.,
2013). The homogeneous sampling of the HCP standard cortical sphere
ensured that the discretized harmonics are orthogonal. Small distortions
in their norms were corrected by dividing every sampled harmonic by its
Euclidean norm. The discretized spherical harmonics thus form an
orthonormal basis on the left- and right-handed HCP standard cortical
meshes.

The use of a maximum order mmax reduces the spatial dimension of
the data and also serves to increase its signal-to-noise ratio through its
smoothing effect. The number of basis vectors up to and including mmax

equals ð2mmax þ 1Þ2. The maximum order was set to mmax ¼ 20, leading
to a 2 � 441 ¼ 882-dimensional basis (441 basis vectors for each
hemisphere). This choice still allows spatial detail to be discerned within
the regions-of-interest of the cortical parcellation (Glasser et al., 2016b),
while significantly increasing the signal-to-noise ratio. The correspond-
ing basis transformation matrices HL and HR of the left and right cortical
meshes contain these basis vectors as columns and are thus s�
ð2mmax þ 1Þ2-dimensional. The columns of HL and HR are sorted in
increasing order i.e. decreasing wavelength. The transformationmatrixH
of the entire cortex (i.e. left and right) is the s� 2ð2mmax þ 1Þ2 which has
a block-diagonal structure with HL and HR as blocks. All analyses were
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performed on the projected matrices XH
i ¼ HTXi and the results were

transformed back to the vertex domain via left-multiplication by H. Note
that this approach is restricted to analyses that can be implemented by a
linear transformation of the data matrix, such as the calculation of
covariance matrices or independent component analysis. For group-level
analysis, the matrices XH

i were normalized through entry-wise division
by their Frobenius norms.
2.3. Extraction of cortical states

We use the general term cortical state to refer to any scalar-valued
function defined on the cortex. It can be a (innovative) co-activation
pattern (CAP or iCAP) (Liu and Duyn, 2013; Karahanoglu and Van De
Ville, 2015), a spatial or temporal independent component (Beckmann
et al., 1457; Smith et al., 2012) or any other weight vector obtained from
a decomposition or clustering of the data (Yeo et al., 2014). We focus on
cortical states that are extracted using temporal ICA i.e. on temporal
functional modes (TFM's) (Smith et al., 2012). The methods described in
Sections 2.4-2.6 are applicable to general cortical states, however. The
extraction of TFM's from resting-state BOLD-fMRI data is challenged by
the large number of spatial samples as compared to the number of tem-
poral samples. In (Smith et al., 2012), this issue is dealt with by applying
temporal ICA to the time-courses of a prior high-dimensional spatial ICA
analysis. We deal with it by projecting the data onto the linear space
spanned by the cortical spherical harmonics up to a given order (see
Section 2.2). This projection reduces the spatial dimension of the data by
two orders of magnitude and essentially provides spatial smoothing
without serious loss of information.

Temporal ICA was applied to the subject-concatenated and pro-
jected data matrix ~X, which has dimensions k� nt, where k ¼ 882, n ¼
94 is the number of subjects, and t ¼ 1200 is the number of samples per
scan. The matrix ~X is constructed by concatenating the normalized data
matrices ~Xi of the individual subjects along the temporal dimension.
Based on the eigenspectrum of ~X, the number of independent compo-
nents was set to 20 and principal component analysis (PCA) was used to
project the data matrix onto the 20-dimensional PCA subspace prior to
applying temporal ICA. Temporal ICA was applied 20 times and the
most consistent decomposition was subsequently selected, where con-
sistency was measured by calculating the maximal Pearson correlation
coefficients between the components' time-courses and those of all
components of all 19 other decompositions. The correlation coefficients
were subsequently averaged over all components. This yielded a
decomposition into 20 components for each of the four scanning ses-
sions from which we subsequently selected the most reliable ones. A
component was considered reliable if it was present in all four scanning
sessions, in the sense of having a (spatial) Pearson correlation coeffi-
cient > 0:7 with a (unique) component in each of the three other ses-
sions. This resulted in nine reliable TFM's which are shown in Fig. 1 and
will be discussed in Section 3.1.
2.4. Characterization of flow about a cortical state

With every cortical state, one or more time-courses can be associated.
For example, if the state is obtained through a spatiotemporal decom-
position of the data, its time-course can be taken to be the corresponding
temporal component. A time-course of a single data frame, (innovative)
co-activation pattern, or cortical state obtained through other methods,
can be obtained by calculating a similarity measure between the state and
every data frame, the Pearson spatial correlation or covariance being a
natural choice. By itself, the time-course associated with a cortical state
does not provide information on how the ongoing BOLD fluctuations
behave in the temporal vicinity of the state's peak-activations. For
instance, the BOLD signals from some cortical region might be activated
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simultaneously, relative to the state's peak activation, or their relative
timings might be distributed about the state's peak-activation, some
peaking earlier, while others peaking later. In the first case, the BOLD
fluctuations are not entangled in space and time and their spatiotemporal
dynamics can be described by combining a single spatial and temporal
function. In the second case, the BOLD fluctuations cannot be separated
into a single spatial and temporal function. Rather, the fluctuations are
entangled in space and time and propagate or flow. Below, we describe a
method to characterize the spatiotemporal dynamics of ongoing BOLD
signals about a given state and to test for the presence of flow.

Let X : R → Rn be the map that associates with time t the ongoing
BOLD activity vector XðtÞ at time t, where n denotes the number of
voxels. Thus, the i-th coordinate Xi corresponds to the BOLD signal at
voxel i. Furthermore, let a : R → R be the time-course of a given brain
state f 2 Rn. Thus, the cortical state at time t is aðtÞf . We define the flow
map Λ : R → Rn of f as the map that associates with lag τ the covariance
between X and a at lag τ:

ΛðτÞ ¼
Z ∞

�∞
Xðsþ τÞaðsÞds; (1)

where the integral is applied coordinate-wise i.e. the i-th coordinate
ΛiðτÞ equals the lagged covariance between Xi and a at lag τ. In Eq. (1)
we have assumed that X and a are zero-mean stationary signals. The
flow map captures the stereotypical BOLD signal as a function of the lag
τ, relative to the peak-activations of f, where negative and positive lags
correspond to before and after, respectively. Lagged covariance has been
used before in the context of latency analysis of ongoing brain activity
under different names such as jitter correlations (Vanni et al., 2017) and
temporal-shift map (Wu et al., 2018) and forms the basis of the lag
analysis approach described in (Mitra et al., 2014, 2015a). Instead of
using it to estimate time-delays as done, for example, in (Mitra et al.,
2014, 2015a; Wu et al., 2018), we analyze the map's full algebraic
structure.

Specifically, we characterize the latency structure of the flow map by
its flow kernel K : R � R → R, which we define as

Kðτ1; τ2Þ¼ hΛðτ1Þ;Λðτ2Þi; (2)

where τ1 and τ2 are arbitrary lags and the brackets denote taking the
inner product. Note that K is symmetric i.e. Kðτ2; τ1Þ ¼ Kðτ1; τ2Þ for all τ1;
τ2 2 R. The flow kernel measures the resemblance between the spatial
vectors Λðτ1Þ and Λðτ2Þ and can also be viewed as a linear operator that
maps a signal x onto another latency signal Kx by the integral
transformation

ðKxÞðτÞ ¼
Z ∞

�∞
Kðs; τÞxðsÞds: (3)

A signal x : R → R that associates a value xðτÞ to every lag τ will be
referred to as a latency signal. Examples of latency signals are the coor-
dinate functions Λi of the flow map Λ. Note that the collection of all
(square integrable) latency signals forms a vector-space over R. Thus, the
latency structure within the data, relative to the brain state f, is charac-
terized by an integral self-operator on latency space with kernel K. The
ongoing BOLD signals about f are considered to flow or propagate if the
columns of the flow kernel K are lagged with respect to each other. Since
the columns of K typically peak about zero (see Section 3.2), we can
measure the flow strength by quantifying the dispersion of peaks, for
example by calculating their standard-deviation. This leads to a flow
index ρ � 0 with the dimension of time.

Depending on the research question, the global signal might be
removed from the data and it might therefore be useful to be able to
relate the flow map and its associated kernel of the transformed data to
those of the untransformed data. These relationships can be derived for
the most common ways of dealing with the global signal, which are
regression, subtraction, and normalization (Liu et al., 2017). In the case
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of regression, the transformed data are of the form XGSRðtÞ ¼ XðtÞ� gðtÞα,
where gðtÞ denotes the global signal and α denotes the spatial vector of
regression coefficients. From the definition of the flow map, it directly
follows that

ΛGSR ¼Λ� Λg; (4)

where

ΛgðτÞ ¼ α
Z ∞

�∞
gðsÞaðsþ τÞds; (5)

is the flow map of the global signal. Note that if the global signal is
uncorrelated with the state's time-course a for every lag τ, then Λg ¼ 0
and hence ΛGSR ¼ Λ. Below, we write ΛgðτÞ ¼ αγðτÞ. It is straightforward
to show that

KGSR ¼K þ Kg þ Kγ ; (6)

where Kgðτ1; τ2Þ ¼ Λgðτ1ÞTΛgðτ2Þ is the flow kernel of the global signal
and

Kγðτ1; τ2Þ¼ � ½γðτ1ÞΛT ðτ1Þþ γðτ2ÞΛT ðτ2Þ�α (7)

is a kernel related to the interaction between the global signal and the
state's signal and vanishes in the absence of correlations at all lags.
Similar relationships for global signal subtraction and normalization can
be derived.
2.5. Detection of signal flow in experimental data

Since experimental data comprise a finite number, say k, samples, the
BOLD activity X 2 Rn�k becomes an n� k (space� time) matrix, the
state's time-course a 2 Rk becomes a (temporal) vector, and the flowmap
Λ becomes a n� ð2τmax þ 1Þ matrix, where τmax denotes the maximal
latency and is a free parameter that can be chosen on the basis of the
auto-covariance function of a. Furthermore, the kernel K becomes a
ð2τmax þ 1Þ � ð2τmax þ 1Þ matrix. A natural estimate of Λ is

bΛ ¼ XA; (8)

where A denotes the k� ð2τmax þ 1Þ matrix given by

A ¼
�
a�τmax a�τmaxþ1 ⋯ aτmax�1 aτmax

�
; (9)

where aj denotes a translated in time over j samples. Note that the i-row

of bΛ is the sample cross-covariance function between the BOLD signal at
the i-th voxel and a. The flow kernel is estimated by

bK ¼ bΛT bΛ; (10)

which is a ð2τmax þ 1Þ � ð2τmax þ 1Þ matrix. A natural estimate of the
flow index, as defined in Section 2.4, is given by the sample standard-

deviation of the peak-locations of the columns of bK . This yields an esti-
mated value bρ of ρ which is a natural estimate of the strength of flow
about the brain state f. Detection of flow in a given data-set now amounts
to testing the null-hypothesis of no flow using the test-statistic bρ, for
which the null-distribution, that is, the sampling distribution of bρ under
the null-hypothesis, is required. Since this distribution is unknown, it
needs to be approximated and we will do this by appropriately con-
structed surrogate-data. (Schreiber and Schmitz, 2000). Thus, we
generate a large number of copies Xsurr of the data matrix X that have the
same statistical properties of X, but lack the property of interest (i.e.
flow), and subsequently compute bρ from each of them to construct an
approximation to the null-distribution. We generate Xsurr by coherently
phase-randomizing the symmetrized cross-spectral matrix of X. This
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leaves the auto-covariance structure of X intact but symmetrizes its
cross-covariance structure. To generate a surrogate copy of a t� n
data-matrix X, where n denotes location and t time, we first compute its
discrete Fourier transform ~X ¼ FX, where F is the t� t discrete Fourier
transformation matrix, and subsequently symmetrize it by taking its real
part:

~Xsymm ¼ Re½~X�: (11)

We then generate a complex-valued t-dimensional phase-vector
expðiϕÞ, where ϕ is a t-dimensional conjugate-symmetric stochastic
vector, whose entries are uniformly distributed in the interval ½0;2π� and
subsequently form

~Xsymm ¼ DϕRe½~X�; (12)

where Dϕ denotes the t � t diagonal matrix with expðiϕÞ on the diagonal.
The randomization is coherent in the sense that each row of Re½~X� is
multiplied by the same complex-valued phase and, as a consequence, the
instantaneous covariance matrix of X is preserved (Prichard, 1994). The
surrogate copy of X is now obtained by taking the inverse discrete Fourier
transform of ~Xsymm:

Xsurr ¼F�1~Xsymm ¼ F�1DϕRe½FX�: (13)

The surrogate copy Xsurr has (approximately) the same empirical auto-
covariance functions as X, with the difference that they are symmetric,
which is due to the symmetrization of the Fourier transform of X.

Since phase-randomization generally does not preserve the amplitude
distribution of the data and preserves autocorrelation functions also
approximately, we checked the results using a randomization scheme
that does preserve these properties. To generate a surrogate copy of the
subject-concatenated data matrix X, the data matrix Xi of subject i is
reversed in time with probability p ¼ 0:5 and this is done independently
for each subject. The limitation of this method is that unlike phase-
randomization, it can be applied only on the group-level. Furthermore,
to obtain an accurate approximation of the null-distribution, a large
number subjects is required. The advantage, however, is that no as-
sumptions on the distribution of the data are made.
2.6. Lagged connectivity between functional temporal modes

We consider again the resting-state BOLD-fMRI vector XðtÞ and sup-
pose that the assumption underlying temporal ICA is satisfied i.e. XðtÞ is a
superposition of spatial components (the TFM's) fm with temporally in-
dependent time-courses amðtÞ:

XðtÞ ¼
X
m

amðtÞfm; (14)

where, and without loss of generality, we assume the time-courses to
have unit variance. In the context of temporal ICA, temporal indepen-
dence refers to the factorization of the joint probability density of the
time-courses at lag zero. It thus implies vanishing correlations between
all time-courses at lag zero, but not necessarily at non-zero lags. The flow
map ΛjðτÞ of fj can hence be written as

ΛjðτÞ¼ γjðτÞfj þ
X
m 6¼j

γjmðτÞfm; (15)

where γjmðτÞ ¼ E½ajðt þ τÞamðtÞ� denotes the Pearson correlation between
aiðtÞ and ajðtÞ at lag τ and γj ¼ γjj. Furthermore, the flow kernel, viewed
as an operator in lag space, takes the form

ðKxÞðτÞ¼ μjγjðτÞ þ
X
n6¼j

μjnγjnðτÞ; (16)

where μj ¼ μjj and
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μjn ¼
X

f Tn fm
�

γjmðsÞxðsÞds
�
: (17)
m

Z

Note that since the time-courses are independent, the flow map at lag
zero equals fj and we can therefore speak of the flow about fj. The flow
map can thus be viewed as the sum of two parts. The first part is the
contribution of fj and equals the autocorrelation function γjðτÞ. The sec-
ond part contains the contributions from all other TFM's and equal the
cross-correlation functions γjmðτÞ. Note that in the absence of flow Λj

reduces to ΛjðτÞ ¼ γjðτÞfj so that the flow kernel Kj factorizes as a product
of covariances:

Kjðτ1; τ2Þ ¼
����fj��j2γjðτ1Þγjðτ2Þ: (18)

In the presence of flow, ΛjðτÞ has rank > 1, which implies that γjmðτÞ 6
¼ 0 for at least one mode fm withm 6¼ k and at least one non-zero value of
τ. The presence of flow thus implies the existence of correlations between
the time-courses of (some of the) TFM's at (some) non-zero lags. More-
over, the flow map can be decomposed into the contributions from other
TFM's and depends on the lagged correlation structure between the
TFM's. The lagged correlation structure therefore provides an alternative
way of analyzing the flow about TFM's. It will be convenient to quantify
the contribution of one TFM to the flow about another TFM in such a way
that it is independent of lag. We thus define the lag-averaged correlation
γjm as

γjm ¼ 1
2τmax

Z þτmax

�τmax

��γjmðτÞ��dτ; (19)

where the vertical bars denote taking absolute value and where τmax

denotes the maximal lag of the flow map (see Section 2.5). The lag-
averaged correlation can be estimated from experimental data by
replacing the covariance functions γkm by their sample estimates and the
integral by a sum.

3. Results

3.1. Temporal functional modes of cortical resting-state BOLD activity

Fig. 1 shows the nine reliable temporal functional modes (TFM's) i.e.
the modes that were present in each of the four scanning sessions (see
Section 2.3 for details on their extraction). The coefficient of variation of
their average amplitudes is 0.39 which means that the modes are com-
parable in strength. All 20 TFM's extracted from each of the four scanning
sessions are displayed in Supplementary Figs. 1–4. Two features are of
interest. First, and in contrast to the classical resting-state networks
(RSN's), most modes have both positive and negative amplitudes, in line
with earlier studies on TFM's (Smith et al., 2012) and co-activation pat-
terns of resting-state BOLD fluctuations (Liu and Duyn, 2013). Following
(Smith et al., 2012), we will refer to these as activations and deactivations,
respectively, and to such modes as bi-modal. Note, however, that the sign
convention used here is arbitrary and that the important feature of the
modes is their bi-modality (Smith et al., 2012; Liu and Duyn, 2013). We
note that uni-modality of the classical RSN's is due to the spatial
orthogonality constraint of the independent components (when using
spatial ICA) and the aggregation of distinct functional processes (when
using seed-based FC), which complicates the functional interpretation of
these networks (Smith et al., 2012). Second, a single TFM receives con-
tributions from functional nodes of different RSN's and functional nodes
of a single RSN can be observed in several TFM's. These features repro-
duce earlier reports on TFM's and other functional modes (Smith et al.,
2012; Liu and Duyn, 2013) and suggest a functional organization of the
resting human cortex that is fundamentally different from that suggested
by the classical notion of RSN's.



Fig. 1. Temporal functional modes of cortical resting-state BOLD-fMRI activity. A. Temporal functional modes (TFM's) extracted on the group-level (n ¼ 94) using
temporal independent component analysis (temporal ICA). All modes were observed in each of the four scanning sessions. Shown are the session-averaged modes.
Each mode has been scaled to fill the full colorbar. B. Amplitudes of the modes displayed in A. as measured by the standard deviation of their spatial profiles (their
temporal profiles are standardized to standard deviation one).
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3.2. BOLD signal flow through temporal functional modes

To detect the presence of flow about the extracted TFM's, we
computed their flow indices on the group-level from the 882�
nt-dimensional subject-concatenated and projected data matrix ~X. The
lags ranged between τ¼ �19 samples, with corresponds to about �13:7
seconds (TR¼ 0.72 s). The flow maps were computed for every subject
separately and subsequently averaged. Fig. 2A shows the obtained index
values for each of the modes and for all four scanning sessions. The figure
shows that the flow indices are reasonably reliable across sessions. This is
especially true for Mode 5 (sensorimotor-DMN), the flow about which is
by far the strongest and the differences in flow strength across sessions
are about 10% of its average value. Statistical significance was assessed
for each session separately, by comparing each of the nine observed index
values to the 95%-percentile of their distribution under the null-
hypothesis of no flow. The null-distributions were approximated by
using a large number of phase-randomized surrogate copies of the
subject-concatenated data matrix (see Section 2.5), extracting 20 TFM's
from each copy, and subsequently calculating the flow indices for each
mode. Thus, all nine observed index values were compared against the
same null-distribution. In constructing the distribution, only the maximal
index value of each surrogate copy was kept. This circumvented the
complication of having to pair the modes extracted from the observed
and surrogate data. A consequence of using themaximal values is that the
resulting statistical test tends to be conservative, because the observed
index value of each of the modes is compared against the maximal index
value over all 20 modes extracted from the surrogate data. A mode was
considered to flow if the mode's index exceeded the 95% percentile of the
approximated null-distribution, after correcting for multiple (9) com-
parisons using Bonferroni. With 179 surrogate copies, this implies sig-
nificant flow with a corrected p-value< 0:05, if the observed index value
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exceeds all surrogate values. Applying the test to all four scanning ses-
sions showed that all non-zero values in Fig. 2A are statistically signifi-
cant. We repeated the testing procedure using the surrogate data
obtained by random time-reversal of the subject's data matrices (see
Section 2.5) which showed that only the flow about TFM 5 is significant
(in all four scanning sessions). This discrepancy is to be expected as the
surrogate data obtained by random time-reversal corresponds to a
slightly more general null-hypothesis and hence is harder to reject.

Fig. 2B shows the flow kernels of all nine TFM's, computed from
scanning session RL1. Its value at a given pair of lags ðτi; τjÞ corresponds
to the spatial covariance between the i-th and the j-th frames (i.e. col-
umns) of the mode's flow map. The kernels are symmetric by construc-
tion. The figure shows that the columns of the flow kernel have a single
peak. The flow index measures the dispersion of the peak-locations,
which is particularly large for Mode 5. The dispersion of peak-locations
is more apparent in Fig. 2C, which shows the flow kernel columns. The
columns are plotted for lags within �8 seconds to more clearly show the
peak-locations. We see that for Modes 6 and 7, all maxima are located at
lag zero and hence their observed index values are zero (see Fig. 2A). We
also see that the columns of Mode 5 peak at different latencies, which is
reflected in a large observed index value.
3.3. Latency effects on functional mode amplitudes

Most TFM's are bi-modal i.e. they comprise activated as well as
deactivated regions (see Section 3.1 and Fig. 1), which is consistent with
earlier observations on TFM's and other kinds of functional modes (Smith
et al., 2012; Liu and Duyn, 2013). In (Smith et al., 2012; Liu and Duyn,
2013), bi-modality was interpreted as reflecting anti-correlations be-
tween BOLD signals from different locations, an interpretation that is
consistent with other studies on anti-correlations in resting-state



Fig. 2. Flow about temporal functional modes. A. Observed values of the flow index for each of the nine temporal functional modes and for each of the four scanning
sessions. B. Flow kernels of all nine modes. C. Column-wise representation on the flow kernels shown in panel B. The range of lags is τ¼ �8 seconds for better
visibility. D. Shown are the 500 latency signals (i.e. rows of the flow map) with the highest variance for Mode 5 (left panel) and Mode 6 (right panel). The latency
signals were selected separately for cortical locations that contribute negatively/positively to the mode. Thus, in total, 103 signals are displayed.
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BOLD-fMRI (Fox et al., 2005, 2009; Fransson, 2005). The amplitude of a
voxel within a functional mode can then be interpreted as the voxels'
contribution to the mode or, equivalently, as the expression-strength of
the mode at that voxel. This interpretation, however, only holds when
BOLD fluctuations about the mode are indeed anti-correlated. In the
presence of flow, however, voxel amplitudes are also influenced by the
timing of BOLD fluctuations about the mode. Bi-modality of a TFM is
generally insufficient to conclude that BOLD fluctuations in activated and
deactivated regions are anti-correlated, except in the special case of no
flow. To establish anti-correlations about a mode, the spatiotemporal
dynamics of BOLD fluctuations in a temporal window about the mode
need to be taken into account. This information in contained in the flow
map at non-zero lags τ.

Compare, for instance, TFM 6 (DAN), which has flow index zero, and
TFM 5 (sensorimotor-DMN), which has a high (and significant) flow
index. Fig. 1 clearly shows the bi-modality of TFM 6: regions inside and
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outside the DAN are activated and deactivated, respectively. Since a flow
index of zero is equivalent to anti-correlations of BOLD signals about the
mode, a zero flow index suggests that the ongoing BOLD fluctuations
about the mode are anti-correlated. This can in fact already be concluded
from its flow kernel shown in Fig. 2B and C. The anti-correlations can be
more directly observed in Fig. 2D (right panel) which shows the 103

latency signals (i.e. rows of the flow map) with the highest variance,
selected separately for vertices with positive and negative amplitudes.
Each curve corresponds to a cortical vertex and describes the stereotyp-
ical behavior of the BOLD signal at that vertex about the mode's peak-
activation (which is at lag zero). The figure shows that the BOLD fluc-
tuations about TFM 6 indeed are anti-correlated and, as a consequence,
the amplitudes of TFM 6 can be interpreted as contributions as done in
(Smith et al., 2012; Liu and Duyn, 2013). This interpretation is valid for
all TFM's with zero flow index. TFM 5, in contrast, has a high flow index
and inspection of its flow kernel shows that BOLD fluctuations about this
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mode are not anti-correlated, but instead, peak at distinct lags (see
Fig. 2B and C). This can be more directly observed in Fig. 2D (left panel),
which shows that ongoing BOLD signals can peak both before as well as
after the mode itself, with latencies up to about 5 s. As a consequence, the
amplitudes of TFM 5 cannot be interpreted as expression-strengths
because they also depend on the timing of the BOLD signals, relative to
the mode's peak-activation. For example, the BOLD signals that peak
several seconds after the mode itself, contribute negatively to the mode at
lag zero.

3.4. Coordination between task-negative and task-positive networks

In the previous section we showed the existence of BOLD signal flow
about some of the TFM's and discussed the implications for the inter-
pretation of TFM amplitudes. Although flow kernels provide information
about the relative timing of BOLD signals, they do not provide infor-
mation about the flow's spatiotemporal organization. In this section we
consider the organization of BOLD flows in space and time by analyzing
the frames (i.e columns) of the corresponding flow maps. Because the
latency signals (i.e. rows of the flow map) of non-flowing modes peak at
the same time, these modes behave like standing waves i.e. are not
entangled in space and time and therefore have a trivial spatiotemporal
structure. We therefore focus on TFM 5, which has the highest flow index
of all TFM's. We will analyze the flow map extracted from scanning
session RL1. The flow maps of the other three scanning sessions are
similar and are shown in Supplementary Figs. 5–7. Moreover, Supple-
mentary Fig. 8 shows the flow map extracted from the data of a single
Fig. 3. BOLD signal flow about TFM 5. A. Visualization of the flow map of TFM 5 (sen
from τ¼ �14 samples to τ¼ þ14 samples, relative to the mode's peak-activation at
frames. Time is in the reading direction. B. Same as in A. but with scaled colorbars so t
cortical flat map (left hemisphere only) in which the most important contributing reg
inflated cortical mesh for easier recognition of the functional regions.
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subject and using a higher value of the maximal order of the Harmonic
basis (mmax ¼ 40) which corresponds to less spatial smoothing (see
Section 2.2). The figure demonstrates that BOLD flow can be observed in
single-subject data and is robust to the precise value of mmax.

Fig. 3A shows the frames of the flow map of TFM 5, represented as a
series of cortical flat maps. The flow map is displayed within the range
τ¼ �14 samples and lags are relative to the mode's peak-activation at lag
zero. Note that the flow is highly synchronized across hemispheres
(average spatial correlation between left- and right-hemispheric frames is
0.94), most likely due to either inter-hemispheric anatomical connec-
tivity or coordinated thalamic drive. To highlight the spatial pattern
within individual frames, the colors of each frame were not scaled rela-
tive to the other frames so that amplitude differences between frames
cannot be assessed. Fig. 3B shows the same frames but now scaled so that
amplitude differences can be compared. The drop-off in amplitude for
large (absolute) lags reflects decreased lagged correlations between the
ongoing BOLD signals and the time-series of the functional state.

To analyze the flow in terms of functional anatomy, consider Fig. 3C
and D, which show the propagation map of TFM 5 at lag zero on flat and
inflated cortical maps, respectively. The most strongly contributing re-
gions are labeled. Negatively contributing vertices cover the foveal sec-
tion of early visual cortex, together with task-negative regions, namely
(parts of the) posterior and anterior cingulate cortices, temporal lobe,
supramarginal and angular gyri, insular cortex, as well as large parts of
the frontal lobe. The contributions of regions other than the fovea and the
PCC (Area 23d) are relatively weak, but nevertheless observable in all
four scanning sessions (see SF 6-8), and hence robust. We identify this set
sorimotor-DMN) as a series of frames, displayed on cortical flat maps. Lags range
τ ¼ 0. Colormaps are unscaled so that amplitudes cannot be compared across
hat amplitudes can directly be compared across frames. C. Mode 5 displayed on a
ions are labeled using (Glasser et al., 2016a). D. Same as in panel C but using an
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of regions with the task-negative network (TNN). The second network
essentially corresponds to the complement of the TNN and covers the
peripheral parts of early visual cortex, higher-order visual cortex (both
dorsal and ventral), primary- and higher-order somatosensory cortex, as
well as primary and pre-motor cortex. These regions contribute to TFM 5
in all four scanning sessions (see SF 6-8) and hence they are robust as
well. We identify this set of regions with the task-positive network (TPN).
The TNN and TPN can also be separated by using the relative timing of
the lag signals. In (Vanni et al., 2017), the topography of oscillatory ac-
tivity was characterized by plotting the phases of the second coefficient
of the Fourier transform as a function of location. These coefficients (i.e.
the first harmonics) reflect the relative timing of the slowest oscillations
within the data. Inspection of the Fourier spectra of the lag signals of TFM
5 showed that they mainly differed in the phases of the second and third
harmonics. We thus plotted the difference in phase between the second
and third harmonic as a function of location. The resulting topography is
shown in Fig. 4A. A comparison with Fig. 3C and D shows that the pos-
itive and negative phase-differences correspond with TPN and TNN,
respectively.

To see how the dynamics about this mode relates to (de)activation of
the TPN and TNN, in Fig. 4B we plotted the average latency signals
within TPN and TNN. We see that TPN and TNN, respectively, reach their
peak (de)activation about 2 s before and 2 s after the mode's peak-
activation. Going back to Fig. 3, we see that BOLD signals flow both
within TPN and TNN and between TPN and TNN. Consider, for example,
the TPN at τ¼ �14 samples, at which the sensorimotor cortex is deac-
tivated over its entire lateral extent and we can observe a localized
deactivation within the insular cortex. At about τ ¼ � 7, the sensori-
motor cortex gets activated, while the insular region is still deactivated.
This implies the presence of BOLD signal flow between τ¼ � 14 and τ ¼
� 7. Furthermore, we can observe a deactivating wave starting in the
peripheral section of early visual cortex (which, in our definition, is part
of the TPN), spreads towards the fovea (which, in our definition, is part of
the TNN), and is followed by a similar activating wave. These waves were
observed in all four scanning sessions (see SM). These observations
suggest that, rather than acting independently, TNN and TPN are part of a
more comprehensive dynamical organization in time and space that links
TNN and TPN through traveling waves within early visual cortex. The
hypothesis that functional networks are coordinated through BOLD
signal flow has been proposed before and explored using different
analysis methods (Majeed et al., 2009, 2011; Mitra et al., 2014; Matsui
et al., 2016).
Fig. 4. Coordination between task-positive and task-negative resting-state networks
signals of TFM 5 as a function of location. The phase-differences have been scaled t
vertices in the task-positive network (TPN) (red) and the task-negative network (TN
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3.5. Traveling BOLD waves in early visual cortex

In this section we will have a closer look at the traveling waves in
early visual cortex observed in Section 3.4. We thus restrict the flow map
of TFM 5 to early visual cortex i.e. V1-V4 according to (Glasser et al.,
2016a). These regions-of-interest (ROI's) are shown in Fig. 5A on cortical
flat maps. Each of the four ROI's is organized retinotopically. Specifically,
in each hemisphere, each of the four ROI's corresponds to an elongated
strip of cortex, where the upper and lower half of the strip correspond to
the lower and upper half of the visual field, respectively. The center of the
visual field (the fovea) corresponds to the point where the strips meet (at
about the heights of the indentation in the flat maps) and eccentricity
increases along the strips (orientation within the visual field is organized
perpendicularly to the strips).

Fig. 5B shows the restricted flow map of TFM 5, taken from scanning
session RL1, for lags ranging between �14 samples. The flow maps
extracted from the other three scanning sessions are similar and are
displayed in Supplementary Figs. 9–11. The figure shows a deactivating
wave that starts in the periphery of the visual field, propagates towards
the fovea, and is followed by a similar activating wave. Comparing the
first and last frame, the map is seen to correspond to a bit less than one
oscillation cycle. To obtain a rough estimate of the propagation speed, we
assume that one oscillation cycle corresponds to 36 samples, which
corresponds to a frequency of f � 0:04 Hz (TR ¼ 0:72 seconds).
Furthermore, Fig. 5B shows that half the wavelength corresponds to the
extent of V1, taken along the eccentricity-axis, which is about 60 mm.
Thus, the wavelength is about λ � 120 mm. The propagation speed
therefore is about v¼ λf � 0:05 m =s, which lies well within the range of
haemodynamic traveling waves in V1 elicited by visual stimuli (Aquino
et al., 2012; Pang et al., 2018), which propagate with speeds in the range
0.02–0.12 m =s but only over very short distances (5–10 mm). Given this
correspondence in propagation speeds, we speculate that the physio-
logical mechanisms underlying induced and spontaneous BOLD signal
propagation are similar and can be modeled by the spatiotemporal he-
modynamic response function formulated in (Aquino et al., 2012; Pang
et al., 2018). It would be interesting to assess how the spatiotemporal
deconvolution method proposed in (Pang et al., 2018) can be applied to
the extracted propagation maps to reconstruct the underlying neural
traveling wave.

The flow map shows that the BOLD signal waves are synchronized
across hemispheres and across the upper and lower visual field, which
implies that the wave propagates from the periphery towards the center
. A. Phase-difference between the second and the third harmonic of the latency
o lie between �1 and 1. B. Latency signals of TFM 5, averaged over all cortical
N) (blue).



Fig. 5. Traveling BOLD signal waves in early visual cortex. A. Cortical flat map indicating visual areas V1-V4 according to (Glasser et al., 2013). B. Flow map of TFM 5
restricted to V1-V4. Lags range from τ¼ �14 samples to τ¼ þ14 samples, relative to the mode's peak-activation at τ ¼ 0. Colormaps are unscaled so that amplitudes
cannot be compared across frames. Time is in the reading direction. C. Same as in B. but with scaled colorbars so that amplitudes can directly be compared across
frames. D. The 500 highest-variance latency signals in the flow map of TFM 5 restricted to V1-V4.
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of the visual field simultaneously in all four quadrants (left, right, up,
down). Moreover, the wave seems to be synchronized across V1-V4,
although this can only be established with certainty by using reti-
notopic mapping. In any case, locations within each of the ROI's that
correspond to a particular eccentricity, are (de)activated simultaneously
and locations with different eccentricities are (de)activated sequentially.
The dispersion of peak-times of the wave across different cortical loca-
tions is visible in Fig. 5D, which shows the 500 highest-variance latency
signals of the flow map restricted to V1-V4. The figure shows that peak-
times can differ between locations by as much as about 5 s. Moreover,
since the same waves can be observed in all four scanning sessions, which
have different phase-encoding directions, they cannot be due to the
omission of slice-timing correction, since the latter can only lead to dif-
ferences in peak-times < 1 sample. The synchronized waves explain the
recent observation that iso-eccentric locations within early visual regions
are functionally connected with zero-lag (Arcaro et al., 2015), because
such regions are deactivated at the same phase of the wave. It also ex-
plains why no zero-lag functional correlations are observed between
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locations with different eccentricities (Arcaro et al., 2015; Dawson et al.,
2016), because such regions are deactivated at different phases of the
wave. Our observation provides more evidence for the hypothesis that
zero-lag functional connectivity arises from signal flow (Mitra et al.,
2014; Matsui et al., 2016).

3.6. Lagged correlations between temporal functional modes

In Section 2.6 we showed that the presence of flow about a TFM
implies lagged correlations between the mode and some of the other
modes. In this section we analyze the lagged correlation structure of the
extracted TFM's and relate it to the observed flow about Mode 5. Because
any of the nine extracted reliable TFM's can be correlated to TFM's that
were not considered reliable, analyzing the correlation structure requires
considering all 20 initially extracted TFM's (see Section 2.3). For the
analysis to be valid, all TFM's need to be uncorrelated at lag zero (see
Section 2.6) which was the case (all zero lag correlations from all sessions
are on the order of 10�15). Fig. 6A (left panel) shows the lag-averaged



Fig. 6. Lagged correlations between temporal functional modes. A. Left panel: Lag-averaged correlations between all 20 TFM's extracted from scanning session RL1.
Right panel: Same as A. but showing only the significant correlations (p < 0:01, uncorrected). Black arrow designate TFM 5. B. The temporal functional modes that are
significantly lag-correlated with TFM 5. Two of them correspond to reliable TFM's (reliable TFM 1 and TFM 9). The other three are labeled M1, M2, and M3. C. Cross-
correlation functions between TFM 5 and the five significantly lag-correlated TFM's.

R. Hindriks et al. NeuroImage 200 (2019) 259–274
correlation matrix of the 20 TFM's extracted from scanning session RL1.
The nine reliable TFM's are designated on the vertical axis. So, for
example, reliable TFM 9 corresponds to the 19-th TFM of scanning ses-
sion RL1.

To assess significance, we generated 99 coherent phase-randomized
surrogate copies of the data matrix, applied temporal ICA to extract 20
TFM's, and calculated their lag-averaged correlation matrix. To avoid
having to pair the 20 TFM's with those extracted from the unrandom-
ized data, we selected the maximal value from each surrogate correla-
tion matrix. If the observed lag-averaged correlation between a given
pair of TFM's exceeded all 99 surrogate values, it was considered sig-
nificant (p < 0:01, uncorrected). Because correction for multiple tests
(one test for every ordered pair of TFM's) requires the generation of an
unfeasible number of surrogate data matrices, we gained additional
confidence in the results by demonstrating reproducibility over scan-
ning sessions. Fig. 6A (right panel) shows the significant lag-integrated
correlations between the 20 modes. It demonstrates that several modes
are significantly correlated and hence that TFM's are not temporally
independent when non-zero lags are taken into account. Supplementary
Figs. 12–14 demonstrate that these findings are fairly robust across
scanning sessions.

We focus on correlations with reliable TFM 5, which corresponds to
the 6th TFM of scanning session RL1. This TFM is designated by black
arrows in Fig. 6A. The figure shows that TFM 5 is significantly correlated
with 5 other TFM's. Fig. 6B shows these TFM's. Two of these TFM's are in
fact reliable and correspond to reliable TFM 1 and TFM 9.We will refer to
the three non-reliable TFM's as M1;M2, and M3. M1 shows strong acti-
vation in early visual cortex and weaker activations in auditory,
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somatosensory and motor cortex. Incidentally, M1 is reliable in the sense
of having a spatial correlation > 0:7 with modes in the other three
scanning sessions, but was not regarded as reliable by our criterion (see
Section 2.3) because it had a spatial correlation> 0:7 with more than one
other mode.M2 shows activation in the peripheral section of early visual
cortex and deactivation in the foveal section. It resembles TFM 5 but does
not involve other sensory modalities and motor cortex and shows a
sharper contrast (activation-deactivation) between the foveal and pe-
ripheral sections of early visual cortex. M3 shows strong activation in
cingulate and dorsolateral prefrontal cortices and weaker activation in
inferior parietal and insular cortices and thus largely overlaps with the
DMN.

Fig. 6C shows the cross-correlation functions between TFM 5 and the
five significantly correlated TFM's. Lags are relative to the peak-
activation of TFM 5. Note that the significant lag-integrated correla-
tions in Fig. 6A (right panel) were obtained by averaging the respective
(absolute) cross-correlation functions over lags (see Section 2.6). To
simplify the analysis, the signs of the cross-correlation functions are
chosen such that the modes activate before and deactivate after lag zero.
We make several observations. First, the cross-correlation functions
vanish at lag zero, which reflects the absence of zero-lag correlations
with TFM 5. Second, their peak-activation times, relative to the peak-
activation time of TFM 5 differ from zero (up to about �5 seconds)
and also from each other, which provides evidence that, relative to the
peak-activation of TFM 5, the modes activate in a stereotypical temporal
progression. We do remark, however, that the omission of slice-timing
correction (see Section 2.1) might be responsible for some of these la-
tencies, namely those � 1 samples.
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3.7. A simple model system

In this study we have provided evidence for entanglement of ongoing
BOLD fluctuations in time and space (i.e. flow) in the temporal vicinity of
TFM peak-activations and demonstrated significant lagged-correlations
between TFM's. Furthermore, in Section 2.6 we have used a simple
mathematical model to argue that the existence of flow and lagged-
correlations within the data are equivalent. Both arise from the latency
structure inherent in the data. In this section, we use a simple model
system to make explicit the relationships between latency structure, flow,
and lagged correlations, which will provide intuition about the findings
reported in this study and about TFM's in general.

We consider an oscillatory traveling wave Xðp; tÞ on the line segment
½0;L�, interpreted as a one-dimensional “cortex” of length L. The wave has
temporal frequency f, wavelength λ, and travels from left to right:

Xðp; tÞ ¼ cosð2πðft � p=λÞ þ ϕÞ; (20)

where ϕ is a phase-offset and where p 2 ½0; L� and t denote position and
time, respectively. Fig. 7A shows X as a function of p and t, displaying
oscillatory traveling waves that propagate from left to right. Note that the
dynamics are entangled in space and time and are therefore inherently
spatiotemporal.

To obtain the TFM's, we express Xðp; tÞ in a basis of temporally in-
dependent modes. Since the modes will be oscillatory as well and have
the same temporal frequency f, the TFM's can only be independent if their
phase-difference equals �π=2. Concretely, Xðp; tÞ can be written as a
superposition of two TFM's:

Xðp; tÞ¼ a1ðtÞf1ðpÞ þ a2ðtÞf2ðpÞ; (21)

where f1ðpÞ ¼ cosð2πp=λþ ϕÞ and f2ðpÞ ¼ sinð2πp=λþ ϕÞ are the TFM's
at location p and a1ðtÞ ¼ cosðωtÞ and a2ðtÞ ¼ sinðωtÞ are their respective
time-courses. Note that f1 and f2 are indeed independent:

E½a1ðtÞa2ðtÞ� ¼ 1
T

Z T

0
a1ðtÞa2ðtÞdt ¼ 1

2T

Z T

0
sinð2ωtÞdt ¼ 0; (22)

where T ¼ 2π=ω is the angular frequency of the oscillations. The last
equality holds because the period of sinð2ωtÞ equals T =2. The spatial
profiles and time-courses of the TFM's are shown in Fig. 7B and C,
respectively. Note that, similar to experimental TFM's (Smith et al.,
2012), one of the model TFM's has “activated” as well as “deactivated”
Fig. 7. A simple model system. A. Simulated oscillatory activity on a one-dimensiona
propagate from left to right. Temporal frequency and wavelength were set to f ¼ 0:1
courses of the TFM's in panel B.
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regions and overlap in space, and that the latency between their
time-courses is such that zero-lag correlations vanish.

In Supplementary Text I we derive that the modes’ flow maps Λ1 and
Λ2 are given by

Λ1ðp; τÞ ¼ 1
2
Xðp; τÞ; (23)

and

Λ2ðp; τÞ ¼ 1
2
Xðp; τ þ T=4Þ: (24)

The modes are hence proportional to the traveling wave X about two
distinct time-points (0 and T =4, respectively). When applied to this
model system, temporal ICA thus breaks down the traveling wave into
two standing waves, both of which are “snapshots” of the traveling wave
at distinct time-points. In Supplementary Text I we also derive that the
cross-correlation function γ12ðτÞ between the mode's time-courses a1ðtÞ
and a2ðtÞ is given by

γ12ðτÞ¼ � sinðωτÞ; (25)

which shows that zero-lag correlations vanish and that the modes are
correlated at non-zero lags.

4. Discussion

Summary and main findings. Whereas most resting-state BOLD-fMRI
studies currently do not exploit the latency structure within the data, the
existence of latencies in resting-state BOLD-fMRI data is receiving
increased attention due to faster acquisition rates and the development of
new analysis methods, fueled by the discovery of propagating activity
patterns and latency structure that are consistent across scans, partici-
pants, and data-sets (Majeed et al., 2009, 2011; Mitra et al., 2014, 2015a;
Siegel et al., 2016; Amemiya et al., 2016; Matsui et al., 2016; Raatikainen
et al., 2017; Gravel et al., 2017). Furthermore, there is both indirect as
well as direct evidence that the latency structure of resting-state BOLD
fluctuations can only partly be explained by spatial variability in hae-
modynamic responses and are of electrophysiological origin (Mitra et al.,
2014; Thompson et al., 2014; Amemiya et al., 2016; Matsui et al., 2016;
Vanni et al., 2017). It is, however, still unclear how BOLD propagation is
related to the more classical notion of resting-state networks (RSN's),
based on spatial ICA or seed-based FC, although several studies have
l cortex of length L ¼ 10 cm as a function of time and location. The oscillations
Hz and λ ¼ 20 cm, respectively. B. Temporal functional modes (TFM's). C. Time-
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started to explore their relationship (Mitra et al., 2015a; Matsui et al.,
2016; Vanni et al., 2017). Our study contributes to this line of research by
presenting a method for characterizing the spatiotemporal dynamics of
ongoing BOLD signals about a given functional network and by demon-
strating its merit using experimental BOLD-fMRI data. By applying the
method to functional networks obtained through temporal ICA i.e. to
temporal functional modes (TFM's) (Smith et al., 2012), extracted from
resting-state BOLD-fMRI data from 94 participants provided by the
Human Connectome Project (Glasser et al., 2013), several TFM's were
found to be embedded in BOLD signal flow and detailed analysis of the
BOLD fluctuations about one of the modes revealed a linkage between
task-positive and task-negative regions by traveling BOLD waves in early
visual cortex that follow eccentricity gradients. Our study is significant in
that it provides further evidence that functionally distinct networks are
part of a larger dynamical organization, constituted by the brain's latency
structure (Majeed et al., 2009; Mitra et al., 2014, 2015a, 2018; Thomp-
son et al., 2014; Matsui et al., 2016; Vanni et al., 2017).

Interpretation of TFM amplitudes. We have argued for the usefulness of
the proposed method by applying it to a particular kind of cortical states,
namely to temporal functional modes (TFM's) (Smith et al., 2012). The
first result of this application is a deeper understanding of TFM ampli-
tudes and how they can be interpreted. The common view is that TFM
amplitudesmeasure the relative contributions of different voxels and that
negative amplitudes reflect functional incompatibility or suppression
(Smith et al., 2012). This view presupposes that the peak-activations of a
given TFM coincide with simultaneous (de)activation at the contributing
voxels. Although this is the case for most of the TFM's, we have
demonstrated that this need not always be true. Specifically, this
assumption is correct only in the absence of flow about the TFM. If the
TFM is embedded in a flow, ongoing BOLD fluctuations can peak before
as well as after the TFM's peak-activation and, consequently, the identity
of amplitude and contribution strength is broken as timing starts to play a
role. Thus, besides peak-deactivation, a negative amplitude at a partic-
ular voxel can reflect earlier activation and later deactivation or vice versa
and which interpretation is correct depends on the sign of the BOLD
signal's slope i.e. whether the signal is rising or falling. The point is that
the correct conclusion can only be drawn by analyzing the dynamics of
the BOLD signal in an entire temporal window and not by observing a
single data frame. These considerations apply not only to TFM's, but to
cortical states in general, such as RSN's, (innovative) co-activation pat-
terns (Liu and Duyn, 2013; Liu et al., 2013; Karahanoglu and Van De
Ville, 2015) among others (Yeo et al., 2014). Naturally, BOLD signal flow
can only be detected if acquisition rates are high enough or if suitable
interpolation is used (Mitra et al., 2014).

Anti-correlations between task-positive and task-negative regions. Analysis
of the most strongly flowing TFM showed near anti-correlations between
task-negative (i.e. the DMN) and task-positive regions, in line with
studies using seed-based correlation analysis (Fransson, 2005; Fox et al.,
2005) and with studies that exploit the latency structure within the data
(Majeed et al., 2011; Vidaurre et al., 2017). Interestingly, we observed a
delay of about 3 s between the deactivation of the TNN and activation of
the TPN (see Fig. 4B), which vanished when the global signal was sub-
tracted from the data, whereas the visual traveling waves could still be
observed (results not shown). What has not been observed before,
however, is that ongoing BOLD fluctuations in task-positive and
task-negative regions are integrated through traveling waves in early
visual cortex. Specifically, in the delay period between deactivation of
TNN and activation of TPN, a traveling wave in early visual cortex
(V1-V4) could be observed that starts from the periphery of the visual
field and propagates towards the fovea. Although we cannot rule out that
fixation on a cross-hair contributed to these observations, it is interesting
to note that delayed interactions between BOLD signals in early visual
cortex have been observed in resting-state protocols in which the par-
ticipants have their eyes closed (Gravel et al., 2017). A possible func-
tional interpretation is that periphery-to-fovea waves reflect task related
changes in the power of alpha oscillations as they have been implicated
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in surround suppression and facilitation in the fovea and are associated
with concurrent deactivations in BOLD activity (Harvey et al., 2013). In
(Majeed et al., 2011), propagation of BOLD signals related to ongoing
BOLD fluctuations in TNN and TPN was observed in several cortical re-
gions, but visual traveling waves were not reported. Perhaps the absence
of visual waves is due to the lower accuracy of volumetric preprocessing
(including registration to MNI space) of the data in (Majeed et al., 2011).
However, in our data we did not observe propagation within other
cortical regions. Although such waves might have averaged out over
subjects, as higher-order functional areas display more inter-subject
variability, in single-subject data, we also did not observe waves in
other cortical regions. We do not rule out, however, that the HCP data
used in our study might contain additional, more subtle or transient
sources of BOLD signal propagation in other cortical regions as observed
in (Majeed et al., 2011) that are undetected by our method. In any case
(Majeed et al., 2011), and our study provide evidence that ongoing BOLD
fluctuations in TNN and TPN comprise an intrinsically spatiotemporal
process and, as such, cannot be disentangled into separate spatial and
temporal components.

Lagged coordination between temporal functional modes.We have shown
mathematically that the existence of flow between (some of the) TFM's is
equivalent to the existence of lagged correlations between (some of the)
TFM's and have confirmed this in experimental data using lag-averaged
correlations and appropriate surrogate data. In particular, TFM 5 was
found to be significantly lag-correlated with five other modes, which
display a temporal progression in peak-activations, relative to the peak-
activation of TFM 5. Lagged-correlation analysis thus enables conceptu-
alizing the flow about functional modes as arising from precisely timed
lagged-interactions between the mode and other modes. The existence of
flows and, equivalently, lag-averaged correlations, implies a non-
separable latency structure within the data i.e. entanglement of
ongoing BOLD fluctuations in time and space. We have used a simple
mathematical model of spatiotemporal activity that reproduces and
clarifies the observed relationships between latency structure, flow, and
lagged correlations. Although latency structure in resting-state BOLD-
fMRI has been studied before (Majeed et al., 2009; Mitra et al., 2014,
2015a; Thompson et al., 2014; Matsui et al., 2016), an important
contribution of our study is to exploit this structure to better understand
how different aspects of resting-state BOLD-fMRI dynamics are reflected
in the spatial and temporal features of TFM's (Smith et al., 2012).

Statistical pitfalls in latency analysis. In the absence of a baseline or
experimental contrast, which is frequently the case in resting-state
studies, significance of an observed effect is usually tested by con-
structing randomized data to approximate the null-distribution of the
used test-statistic. A potential pitfall is the use of inappropriate null-data
i.e. null-data that corresponds to a different null-hypothesis than inten-
ded. An educative example comes from the field of dynamic FC, in which
non-stationarity of resting-state functional connectivity is investigated.
In this field, the use of inappropriately constructed null-data is wide-
spread and has led to incorrect claims (Hindriks et al., 2016). A
frequently encountered misuse is to randomize the data such that all FC is
destroyed and not only dynamic FC. This randomization corresponds to
the (unintended) null-hypothesis that stationary FC is absent. Rejecting
the null-hypothesis, therefore, does not allow to conclude that FC is dy-
namic, but merely that FC is non-zero. More examples can be found in
(Hindriks et al., 2016). The use of inappropriate null-data is encountered
in studies on non-stationarity of resting-state brain dynamics in general,
including micro-state analysis, co-activation patterns (CAP's) (Liu and
Duyn, 2013), and quasi-periodic patterns (QPP's) (Majeed et al., 2011).
In (Liu and Duyn, 2013), non-stationarity of resting-state BOLD-fMRI is
tested for by generating null-data that lacks both auto- and
cross-correlations. In (Majeed et al., 2011), incoherent
phase-randomization (IPR) is used to argue that resting-state BOLD-fMRI
contain reoccuring spatiotemporal patterns (QPP's) that are linked to
fluctuations in FC. This is inappropriate because IPR destroys all
cross-correlations within the data (Schreiber and Schmitz, 2000). This
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does not mean that the data does not contain QPP's, as they clearly do
(Majeed et al., 2009, 2011; Keilholz et al., 2016), have shown to be
reproducible (Majeed et al., 2009), and correlate with local field poten-
tials (Thompson et al., 2014). It also does not mean that QPP's have no
functional role or are otherwise uninteresting. It merely means that, until
rejected by using appropriate null-data, which in this context is coherent
phase-randomization (Hindriks et al., 2016), QPP's are consistent with
the data having static FC.

To test for the presence of flow in resting-state data, null-data should
ideally have the same auto- and cross-covariance functions as the
experimental data, except that latencies have been destroyed i.e. the
cross-covariance functions have been shifted in time to peak at lag zero.
We have approximated such ideal surrogate data by generating copies
of the experimental data that have symmetric cross-covariance func-
tions and approximately the same auto-correlation functions. This was
done by taking the real part of the Fourier transformed data, adding
random but coherent phases, and transforming back to the time domain.
This data is not ideal, however, as cross-covariance functions can
become deformed instead of only translated. Furthermore, asymmetry
in cross-covariance functions gets destroyed, which implies that
rejecting the null-hypothesis can also reflect that the data is time-
irreversible i.e. have asymmetric covariance structure, which is a
weaker property than exhibiting latencies. Fortunately, cross-
covariance functions of resting-state BOLD-fMRI data are rather sym-
metric, at least for not too large lags. In relation to this, in (Mitra et al.,
2014) latencies between BOLD signals are estimated by parabolic
interpolation of the estimated cross-covariance function at lags �1, 0,
and þ1, so that the estimated lags effectively measure the asymmetry of
the covariance function. It is only for symmetric covariance functions
that asymmetry of the estimated covariance function implicates a
non-zero lag. Another issue is at which step in the processing pipeline
the randomization should be done. Generally, randomizing at later
stages yields more spurious results since this tends to underestimate the
sampling variance of the used test-statistic. This is illustrated by the
following. In testing for significant lagged-correlations between TFM
time-courses, which were extracted using ICA, we randomized the
pre-processed BOLD-fMRI time-series and subsequently extracted the
surrogate TFM's. Alternatively, testing by directly using the
time-courses of the extracted TFM's, thus after the application of ICA,
yielded many more significant correlations (results not shown).
Randomization of the data in a later stage of processing or analysis
typically yields more significant but nevertheless spurious effects and
should therefore be done with caution.

Slice-timing correction. In this study we used the FIX-denoised-
compact data from the Human Connectome Project (HCP) (Smith et
al, 2013), the pre-processing of which did not include slice-timing
correction. A consequence is that observed latencies between BOLD
signals equal to 1 TR (720ms in our data) might result from the
acquisition protocol and, as such, have no physiological significance.
This applies even if the latencies are statistically significant, because the
null-distribution is approximated by randomizing the same data.
Another consequence it that the accuracy of observed latencies is �1
TR. For example, if a latency of 3 TR's is observed, one can only
conclude that the underlying physiological latency lies between 2 and
4 TR's (ignoring sampling variability in the used estimator). The la-
tencies observed in our study, however, range up to �5 TR's and can
therefore not entirely be explained by differences in slice-timing,
although the propagations maps might be a bit distorted. The
(possible) distortion can be thought of as due to inaccuracies in the
relative timings of the TFM's (see Section 3.6 and Fig. 6C) which are
about 1–2 TR's in absolute value. The main features of the propagation
map analyzed in Sections 3.4 and 3.5 i.e. visual traveling waves and
their relationship with task-positive and task-negative networks, how-
ever, are due to the timings of the TFM's relative to the reference TFM,
which range up to 7 TR's in absolute value and can therefore not be due
to differences in slice-timing.
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Time-resolved latency analysis. In the present study we proposed a
method for characterizing the flow of ongoing BOLD signals about a
given brain state. The basic mathematical tool in our analysis is the flow
kernel, which is defined in terms of cross-covariance functions that are
estimated from the entire observation period. This presupposes that
ongoing BOLD fluctuations are stationary and our method, as well as
several other methods (Mitra et al., 2014, 2015a), therefore is only
capable of extracting the most dominant flow pattern. Recent modeling
work, however, using large-scale dynamical models on the human con-
nectome, suggests that cortical flow patterns are multistable and exhibit
phase-transitions (Roberts et al., 2019). To study such phenomena, a
dynamic analysis in which no assumptions about stationarity are made, is
required (Majeed et al., 2009, 2011; Hindriks et al., 2014; Thompson
et al., 2014; Matsui et al., 2016). One way of extending a stationary la-
tency analyses is to estimate the cross-covariance functions using a
sliding-window. Apart from statistical difficulties with this approach
(Hindriks et al., 2016), at any given point in time, typically a linear su-
perposition of wave patterns is observed, and it is unclear how the
contributing patterns can be retrieved. The methods proposed in (Majeed
et al., 2009, 2011; Hindriks et al., 2014; Thompson et al., 2014; Matsui
et al., 2016) also suffer from this drawback. In our study, separate
propagation patterns were reconstructed rather ad hoc, namely by first
applying temporal ICA and subsequently reconstructing the flow about
the extracted states. Moreover, this approach might not be feasible for
use in combination with sliding-windows because of the relatively large
number of samples that is needed. Further research is needed to develop
time-resolved analysis methods that are able to reconstruct transient
dynamical phenomena from linearly mixed patterns.
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