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Abstract

Intrinsic Regional Brain Dynamics in Health and Disease
By
Daniel Jonathan Lurie
Doctor of Philosophy in Psychology
University of California, Berkeley

Professor Mark D’Esposito, Chair

The brain is a complex dynamical system in which many different areas interact to process
information in support of adaptive cognition and behavior. Just as brain areas vary in their
local anatomical features and patterns of connectivity to remote regions, so too do their
dynamics, and regional differences in intrinsic dynamics are a fundamental feature of
functional brain organization. Here, I present the results of three studies which use resting
fMRI to investigate how multiple features of intrinsic regional dynamics vary across the
human brain, their relationship to the anatomical and connectomic properties of each area,
and the extent to which these dynamics are disrupted in patients with focal brain lesions. First,
I show that a key property of intrinsic regional dynamics—their timescale—is related to the
topological role of each region within the modular community structure of functional and
structural brain networks, and that cortical areas exhibit preferential functional connectivity
to other regions with similar timescales. Second, I use a data driven time series “phenotyping”
approach to characterize how multiple aspects of intrinsic dynamics vary across the cerebral
cortex. I find that regional BOLD dynamics can be modeled as varying a long two spatial axes,
each of which captures different time series features, and which exhibit distinct relationships
to anatomical and connectomic hierarchies. Finally, given findings from my first two studies
which suggest a robust relationship between regional timescales and network topology, I
investigate whether alterations in network topology following focal brain lesions are
associated with parallel alterations in the timescale of intrinsic dynamics. While I did not find
the predicted effect, I nonetheless extend my findings from the first two studies by showing
that timescales are related to multiple features of regional network topology both within and
across individuals. Together, these results provide important new insights into a key feature of
functional brain organization.
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Introduction

The brain is a complex dynamical system in which over 80 billion neurons interact via trillions
of synapses. Like all complex systems, these interactions give rise to emergent
phenomena—sensory experience, complex behavior, thoughts and feelings—which are more
than the simple sum of their parts, and which change continually from moment to moment. As
such, any attempt to build a mechanistic understanding of brain function will necessarily
require knowledge of how a multiplicity of factors interact to shape the neural dynamics
underlying cognition and behavior. In this dissertation, I make my own small contribution to
this enormous scientific undertaking.

In Chapter 1, I investigate the relationship between a key property of intrinsic regional brain
activity and the organization of large-scale structural and functional connectivity networks.
While there are many ways to characterize how brain areas differ in their dynamics, one
measure in particular has garnered substantial scientific interest over the past decade.
Specifically, multiple studies have found that the “timescale” of intrinsic brain activity—the
degree to which activity is similar from one moment to the next—tends to increase along
sensory processing hierarchies. This “hierarchy of timescales” is thought to reflect regional
differences in information processing. Previous work suggests that the timescale of each
cortical area may be related to the extent to which that area exhibits widespread connectivity to
other parts of the brain, but past studies had so far failed to consider a key organizing principle
which shapes the dynamics of biological systems: modularity. In modular systems, the
underlying components form communities in which members of each community are more
likely to interact with other members of the same community, and this architecture is seen
across spatial and temporal scales ranging from genes and neurons in the brain to entire
organisms within an ecosystem. Large-scale brain networks also exhibit a modular structure
which can be seen in the presence of densely interconnected sets of brain areas. I demonstrate
that cortical timescales—estimated from resting BOLD fMRI in human participants—are
related to measures of regional connectivity which consider the role that each area plays within
this modular network structure.

In Chapter 2, I move beyond the special case of timescales to explore the diversity of ways in
which regional dynamics vary across cortical areas. In a data-driven analysis, I show that
regional variation in intrinsic brian dynamics estimated from resting fMRI can be modeled as
varying along two principal spatial axes, each of which captures a different property of
dynamics. The first of these axes captures the timescale of intrinsic brain activity, while the
second axis captures how the variability of intrinsic activity changes over time. Critically, I show
that these axes are differentially related to regional differences in local anatomical features and
inter-regional connectivity, as well as to information processing hierarchies in the cerebral
cortex. I also replicate my findings from Chapter 1 that timescales are related to the modular
architecture of large-scale brain networks.



In Chapter 3, I build on my prior observations of a relationship between timescales and
connectivity by investigating whether intrinsic dynamics are altered in patients with focal brain
lesions due to stroke. Prior work from our lab and others has found that focal brain lesions are
associated with alterations in the functional connectivity of remote, undamaged brain areas,
and in particular, their role within the larger network. As such, I hypothesized that cortical
areas in patients would exhibit alterations in functional connectivity, and further, that these
would be associated with parallel changes in timescale. While these predictions were not borne
out by the data, I was able to demonstrate that previously observed associations between
timescales and connectivity exist within both healthy individuals and patients with neurological
illness, and that studying these associations in single-subjects can reveal additional effects
beyond those visible in group-level analyses.

Together, the studies contained in this dissertation make a significant contribution to our
understanding of how intrinsic brain dynamics relate to multiple other features of large-scale
brain organization. I return to the implications of my findings in the Conclusion.



Cortical timescales and the multi-scale
modular organization of structural and
functional brain networks

Introduction

There are many different ways to characterize the properties of neural time series, ranging from
simple, commonly used metrics such as amplitude and frequency, to complex, seemingly
esoteric measures taken from statistical physics and chaos theory (Breakspear, 2017; Fulcher et
al., 2013; Fulcher & Jones, 2017; Lubba et al., 2019; Toker et al., 2020). From this menagerie of
measures, the past decade has seen estimates of neural “timescale” emerge as an increasingly
popular way to study the dynamical properties of brain activity. While there are multiple ways
to estimate the timescale of neural activity, their common goal is to characterize the degree to
which brain activity (or the information it represents) is similar from one moment to the next.
The literature on neural timescales ranges from studies using invasive recordings of individual
neurons and population activity in animals (Cirillo et al., 2018; Maisson et al., 2021; Murray et
al., 2014; Nougaret et al., 2021; Rossi-Pool et al., 2021; Runyan et al., 2017; Wasmuht et al., 2018)
to BOLD fMRI and MEG/EEG in humans (Baldassano et al., 2017; Fallon et al., 2020; Golesorkhi
et al., 2021; Hasson et al., 2008; Huang et al., 2018; Ito et al., 2020; Miiller et al., 2020; Raut et
al., 2020; Stephens et al., 2013; Watanabe et al., 2019; Wengler et al., 2020; Zilio et al., 2021), as
well as computational models which seek to provide mechanistic explanations for regional
differences in timescale (Chaudhuri et al., 2014, 2015; Demirtas et al., 2019; Gollo et al., 2015; Li
& Wang, 2022). Many of these studies suggest the presence of a “hierarchy of timescales” in the
cerebral cortex which parallels information processing hierarchies, with shorter timescales in
sensory and motor areas responsible for processing rapidly changing low-level sensory
information and action sequences, and longer timescales in higher-order association regions
which integrate information over longer periods in order to support more complex information
processing (such as the construction and maintenance of increasingly abstract representations).

Computational models and emerging empirical work suggest that regional differences in neural
timescales are shaped not only by heterogeneity in local circuit properties, but also the pattern
of connections each region receives from distant brain areas (Baria et al., 2013; Chaudhuri et al.,
2014, 2015; Demirtas et al., 2019; Fallon et al., 2020; Gao et al., 2020; Gollo et al., 2015; Ito et al.,
2020; Li & Wang, 2022; Miller et al., 2020; Sethi et al., 2017; Watanabe et al., 2019; Wengler et
al,, 2020). While some of this work has focused on specific aspects of inter-regional
connectivity such as the proportion of feed-forward vs. feed-back connections (Chaudhuri et
al., 2015) or the degree of innervation from particular thalamic populations (Miiller et al., 2020),
other studies have taken a more general view of the brain as a complex network. In particular,
there is growing evidence that timescale hierarchies may follow connectomic hierarchies, with
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highly connected “hub” regions tending to exhibit longer timescales than less topologically
central areas (Baria et al., 2013; Fallon et al., 2020; Gollo et al., 2015; Sethi et al., 2017). However,
these studies have so far failed to consider a key feature of how neural systems are organized:
modularity.

Modularity is ubiquitous in biological systems (Wagner et al., 2007), and describes an
architecture in which the system as a whole can be decomposed into multiple smaller
communities with dense internal connectivity but relatively sparse connectivity to other
communities (Girvan & Newman, 2002; Newman, 2006). In the context of brain networks,
communities are commonly defined based on patterns of structural or functional connectivity
(Sporns & Betzel, 2016). This modular organization has been shown to exist across multiple
scales (Akiki & Abdallah, 2019; Ashourvan et al., 2019; Betzel & Bassett, 2017; Meunier et al.,
2009) and is thought to play a key role in facilitating functional specialization and flexible
reconfiguration by balancing the competing demands of integration and segregation (Bertolero
et al., 2015, 2018; Bullmore & Sporns, 2009; Sporns, 2013; Sporns & Betzel, 2016). By
considering this modular organization, we can take a much more nuanced view of the role each
region plays within the larger network. In particular, beyond identifying “global” hubs (as has
been done in prior studies of the relationship between timescales and network topology), we
can characterize whether each brain area has widespread connectivity within its own
community, or diverse connections across multiple communities (Guimera & Amaral, 2005;
Guimera & Nunes Amaral, 2005; Power et al., 2013; van den Heuvel & Sporns, 2013a).

We hypothesized that regional differences in intrinsic brain dynamics would be associated with
the modular organization of structural and functional brain networks, and specifically that
brain areas with extensive within-community connectivity or diverse connectivity across
communities would tend to have longer timescales, consistent with their putative roles in
integrating information within and between network modules. To test this hypothesis, we first
used resting fMRI to estimate timescales across the cerebral cortex of human participants, as
well as in many subcortical structures. We show that cortical timescales estimated from BOLD
fMRI exhibit multiple consistent features across independent datasets, but that timescales in
subcortical areas are relatively less consistent. Further, we replicate prior observations that
regions with long timescales tend to have extensive structural connectivity. Most significantly,
we characterize the community structure of structural and functional brain networks across
multiple scales and demonstrate that cortical timescales correlate with the extent of
within-community functional connectivity and the diversity of regional structural connectivity.
Finally, we show that functional connectivity between brain areas with similar timescales tends
to be stronger than functional connectivity between areas with dissimilar timescales, and
discuss the implications of these findings for our understanding of dynamical and connectomic
hierarchies within the human brain. Our major methods and primary hypotheses were
preregistered with the Open Science Framework (Lurie, 2018), all data used in our analyses are
publicly available, and we provide software and scripts to fully and easily reproduce all of the
reported results.
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Methods

Resting BOLD fMRI data

For our initial (“discovery”) analysis, we analyzed data from 93 healthy young individuals (ages
18-35) from the Enhanced Nathan Kline Institute-Rockland Sample (Nooner et al., 2012). These
individuals were selected based on the absence of any history of psychiatric or neurological
illness, as well as the presence of complete imaging data (i.e. no missing scans). Resting {MRI
scans were 10 minutes in duration with TR/TE = 1400/30ms and 2mm isotropic voxels. Data
were preprocessed using FMRIPRPEP (Esteban et al., 2019). GLM denoising was applied using
Nilearn (Abraham et al., 2014) and included 24 motion parameters plus 6 aCompCor
components containing nuisance signals from WM and CSF voxels (Behzadi et al., 2007), as well
as the mean whole brain signal.

For our validation analysis, we selected a sample of 100 unrelated healthy young individuals
(ages 21-35) from the Human Connectome Project (Van Essen et al., 2013) based on a subject list
provided by (Shine et al., 2016). For each individual, we analyzed the first 15 minute resting
fMRI scan (TR/TE = 720/33ms, 2mm isotropic voxels). We used minimally preprocessed data
(Glasser et al., 2013) provided by HCP which had undergone ICA-FIX denoising (Griffanti et al.,
2014) and global signal regression.

Functional connectivity network construction

For each participant, we estimated functional connectivity as the Pearson correlation between
the time series of each pair of ROIs. We then applied the Fisher r-to-z transform to the
correlations estimated from each individual before averaging edges across participants to create
a group-level network. Due to uncertainties regarding the interpretation of negative
correlations in studies of functional connectivity (Fox et al., 2009; Murphy et al., 2009; Rubinov
& Sporns, 2010), all edges with negative z-scores were set to zero. Functional connectivity
networks were otherwise un-thresholded. This process was repeated separately for the
discovery and validation datasets. In order to identify common functional network communities
across datasets, we combined the average FC networks from the discovery and validation data
into a single common network prior to community detection. However, measures of regional
network topology (i.e. degree, PC, and WD) were computed separately for each dataset based on
its respective average FC network.

Structural connectivity network construction

We constructed a single structural connectivity network from a publicly available,
expert-curated voxelwise “population-average” atlas of the human structural connectome
(Yeh et al., 2018). This atlas was derived from high-resolution, multi-shell diffusion MRI
images from 842 participants from the Human Connectome Project (Van Essen et al., 2013).
Complete details of how the atlas was produced can be found in (Yeh et al., 2018), but we review
them briefly here. Images for each participant were transformed to MNI space using q-space
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diffeomorphic registration (Yeh & Tseng, 2011), which preserves spins and fiber geometry and
estimates the spin distribution function (SDF) at each voxel. Voxelwise SDFs were averaged
across participants to create a group-average template, after which multiple runs of
deterministic tractography (Yeh et al., 2013) were used to estimate 550,000 streamlines
describing connectivity across the entire brain. All streamlines were then reviewed and labeled
by a team of expert neuroanatomists to identify fiber tracts, remove anatomically implausible
(i.e. false positive) connections, and manually seed additional streamlines to identify known
fascicles which were missing from the initial set of connections. The final atlas contains
~145,000 voxelwise streamlines describing the representative white matter connectivity of
cortical and subcortical regions in the human brain.

Based on this atlas, we estimated structural connectivity as the number of streamlines
connecting each pair of ROIs. The resulting whole-brain connectome had an edge density of
0.103, with all but two regions connected to the rest of the network by at least one streamline.
However, because the distribution of streamline counts was highly skewed and spanned several
orders of magnitude (0 to 1027), we followed the common practice of applying a log
transformation to edge weights prior to subsequent analyses (Fornito et al., 2016). Due to the
nature of the log transformation (i.e. log(1) = 0), edges with only a single streamline were set to
zero, leading to four additional regions becoming disconnected (Fig. S1).
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Figure S1: Regions of interest with no structural connections after log-transforming streamline
counts.

Multiscale community detection

To identify network communities at multiple scales, we applied the Louvain algorithm (Blondel
et al., 2008) to the structural and functional connectivity networks while varying the resolution
parameter (y) across a range of values (0.5 to 3.5, in increments of 0.1). As y increases, the
algorithm is biased toward detecting smaller and smaller communities, thus also increasing the
number of communities identified. Like all community detection methods which rely on
modularity maximization, the Louvain algorithm is stochastic, and the partitions it identifies
are degenerate (i.e. many possible partitions will have approximately the same modularity)
(Good et al., 2010). As such, we ran the algorithm 1,000 times for each value of y and used
consensus-based clustering (Bassett et al., 2013; Lancichinetti & Fortunato, 2012) to identify a
single stable partition at each resolution. This resulted in 31 community partitions for each
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network, with the number of non-singleton communities (# regions > 1) ranging from 3 to 21
for the functional connectivity network, and 2 to 13 for the structural connectivity network.

Identification of maximally representative community partitions

To identify the maximally representative partition (MRP) for each network, we first computed
the variation of information (VI) (Meila, 2003)—an information-theoretic measure of
distance—between each pair of partitions across all 31 scales. We then identified the MRP for
each network as the partition with the lowest median VI (and thus the highest similarity with
the most other partitions). We note that our approach is conceptually different from how VI
(and other measures of partition similarity, such as the Rand index) have most often previously
been used to select brain network partitions (i.e. to select the scale at which stochastic runs of a
community detection algorithm show the least variability (e.g. (Betzel et al., 2017; Betzel &
Bassett, 2017; Shafiei et al., 2019)), and is more closely analogous to the approach taken by (He
et al.,, 2018) and (Bazinet et al., 2021), who used partition similarity to identify domains of
stability across scales. Our method builds on this work and is based on the idea that
representative features of community structure should be present across a wide range of scales,
particularly in a hierarchically organized system like the brain.

For the functional connectivity network, the community partition at y = 1.8 (8 communities)
exhibited the lowest median VI (Fig. S2A), and visual inspection of the pairwise VI matrix (Fig.
S2B) confirmed that this partition had good similarity to other partitions across a wide range of
scales, ranging from from y = 1.3 (5 communities) to y = 3.5 (21 communities). The selected
partition at y = 1.8 also occurs at the visual asymptote of the modularity maximization function
(Fig. S2A), such that past this point, modularity (Q) only shows modest gains with increasing
resolution. In agreement with prior studies of functional brain organization, the 8 communities
identified at this resolution (Fig. S3) show excellent correspondence with “canonical”
macro-scale human functional brain networks (Power et al., 2011; Smith et al., 2009; Uddin et
al., 2019; Yeo et al., 2011).
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Figure S2: Multiscale community detection for the functional connectivity network.

The global minima for median VI was observed at y = 1.8 (A), leading us to select that partition as being maximally
representative of FC community structures across scales. Further support for this selection comes from the fact that
this scale occurs at the asymptote of the modularity maximization function (A), and that PC values at this scale are
highly similar to those across a wide range of other scales (D).
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Figure S3: Maximally representative partition (y = 1.8, 8 communities) of the functional connectivity

network.
Community labels are based on the nomenclature proposed in (Uddin et al., 2019).

For the structural connectivity network, the partition at y = 2.5 exhibited the lowest median VI
(Fig. S4A). However, visual inspection of the pairwise VI matrix (Fig. S4B) revealed that while
the partition at this resolution is highly similar to other partitions within the domain of
resolutions y = 2.0, it has relatively low similarity to partitions at coarser scales. In contrast, the
partition at y = 2.0 has only a marginally higher median VI than the global minima at y = 2.5,
while showing good similarity to partitions across a much wider range of resolutions (y = 0.9 to
y = 3.0, 4 to 12 communities). Further, the partition at y = 2.0 has the lowest total VI. For these
reasons, we judged the partition at y = 2.0 to be maximally representative. This partition
contained 8 non-singleton (N regions > 1) communities (Fig S5).
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While the global minima for median VI was observed at y = 2.5 (A), visual inspection of the partition similarity matrix
(B) suggests that the partition at y = 2.0 showed high similarity with a wider range of other scales while having only a

slightly higher median VI. Thus, we selected y = 2.0 as the scale with the Maximally Representative Partition (MRP).
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The nuances of comparing brain maps

The statistical comparison of spatial maps describing different aspects of brain structure and
function is a core practice in neuroimaging. However the spatial autocorrelation inherent in
brain maps violates the assumptions of independent samples that are key to valid parametric
statistical inference (Alexander-Bloch et al., 2018; Bartlett, 1935). This lack of independence
inflates the variance of the sampling distribution of the test statistic (e.g. correlations, t-values,
etc) and reduces the effective degrees of freedom, leading to inflated Z-scores and high rates of
false-positives when using traditional parametric tests. As such, it is necessary to evaluate
whether two brain maps show an association above-and-beyond that induced by their
autocorrelation. To do this, we calculated p-values for all statistical tests using non-parametric
permutation testing and 10,000 surrogate timescale maps generated using an
autocorrelation-preserving spatial null model (Burt et al., 2020). These were implemented
using a custom-developed Python package (https://github.com/danlurie/PyPALM) which
facilitates the use of arbitrarily complex null models when evaluating multivariable linear
models .
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Correction for multiple comparisons

Given the large number of tests performed in this study, we take a multi-pronged approach to
guarding against false-positive results. First, we use the Benjamini-Hochberg method
(Benjamini & Hochberg, 1995) to control the False Discovery Rate (FDR) at q = 0.05 across all
statistical tests in each dataset (with the exception of a small number of post-hoc tests
conducted to evaluate the independence of predictors). We report corrected p-values as pyerm
and uncorrected p-values as p,.,, Second, while we report the results from each dataset
separately, we require each effect to be significant in both datasets in order to reject the overall
null hypothesis.

Comparing effects and correcting for selective inference

Inference regarding differences in effects necessitates formally testing these differences: it is
not enough to simply observe that one effect is significant and the other isn’t (Gelman & Stern,
2006; Nieuwenhuis et al., 2011). The classic example of such comparisons is checking for a
significant interaction when conducting an analysis of variance, though our use of multiple
models (one for each measure) rather than a single unified model (containing all measures)
precludes a formal interaction test. As such, we rely on the method introduced by (Zou, 2007)
for comparing correlations. In this approach, a confidence interval is computed for the
difference in effects while accounting for dependence (i.e. measures estimated from the same
data) and overlapping variables (e.g. X is overlapping in a comparison of corry.y and corry.;). If
the confidence interval includes zero, we are unable to reject the null hypothesis for a difference
between correlations (and vice versa). Because we are primarily concerned with establishing
whether one feature of network topology is more strongly associated with timescale than
another (rather than whether the direction of the association differs between features), we
computed confidence intervals using the absolute value of partial correlations. However,
because we seek to compute confidence intervals for only a portion of the effects we have
estimated (i.e. that subset of paired effects for which one effect is significant and the other is
not), we are faced with an issue of selective inference (a.k.a circular inference, double-dipping,
or “voodoo” statistics (Kriegeskorte et al., 2009; Vul et al., 2009)). Failing to account for such
such selection risks biased inference. As such, we control the False Coverage-statement Rate
(FCR) using the approach proposed by (Benjamini & Yekutieli, 2005) and adapted for
neuroimaging by (Rosenblatt & Benjamini, 2014). This method is a generalization of the
Benjamini-Hochberg FDR procedure (Benjamini & Hochberg, 1995) to the case of selected
multiple CIs. As with correction for multiple testing, we apply the FCR adjustment across all
comparisons within each dataset.
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Results

Mapping cortical and subcortical intrinsic timescales with resting BOLD fMRI

Following preprocessing and denoising, we extracted the average resting BOLD time series from
each of 246 cortical and subcortical regions of interest defined in the Brainnetome atlas (Fan et
al., 2016). Intrinsic timescales are commonly estimated based on the autocorrelation properties
of neurophysiological time series (e.g. (Gao et al., 2020; Murray et al., 2014; Raut et al., 2020;
Watanabe et al.,, 2019)), with greater autocorrelation indicating longer timescales. Here, we use
the lag-1 autocorrelation, a straightforward measure which has recently been shown to have
higher test-retest reliability for fMRI data than alternative methods for estimating timescale
(i.e. those based on the decay of the autocorrelation function) while retaining sensitivity to
long-memory processes (Shinn et al., 2021). Group-level timescale maps were then created by
taking the median of lag-1 autocorrelation values for each region across individuals in each
dataset. Because ROI volume can bias timescale estimates by artificially inflating time series
autocorrelation (Afyouni et al., 2019; Fallon et al., 2019; Sethi et al., 2017; Shinn et al., 2021), the
number of voxels in each ROI was regressed from group-median timescale estimates prior to
visualization and during further all analyses.

GO B
Q0 006

0.78 0.80 0.82 0.84 0.86 0.88 0.978 0.980 0.982 0.984
Timescale (lag-1 autocorrelation) : Timescale (lag-1 autocorrelation)

Figure 1: Cortical timescales exhibit consistent features across datasets.

We used lag-1 autocorrelation to estimate the intrinsic timescale of regional resting BOLD fMRI time series in two
different datasets of healthy young adults. Our initial (“discovery”) analysis used data from 93 participants taken
from the Nathan Kline Institute-Rockland Sample. We then attempted to replicate our findings in a validation sample
of 100 individuals taken from the Human Connectome Project. Timescales within the cerebral cortex exhibited
multiple consistent features across datasets. The validation data exhibits overall higher values of lag-1
autocorrelation than the discovery data due to the significantly shorter TR (720ms vs. 1400ms).
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Visual inspection of group-level timescale maps revealed multiple consistent features within
the cerebral cortex (Fig. 1). Cortical areas with consistently longer timescales across both
datasets include bilateral superior parietal lobule, inferior frontal gyrus, lateral posterior
temporal lobe, and dorsal precuneus, as well as left anterior medial prefrontal cortex and
retrosplenial cortex. Cortical areas with consistently shorter timescales include bilateral inferior
parietal lobule, anterior temporal operculum, orbitofrontal cortex, medial temporal lobe,
medial parieto-occipital sulcus, and limbic areas of the anterior cingulate cortex, as well as
right dorsal precentral gyrus and anterior superior temporal sulcus.
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Figure 2: Subcortical timescales are generally shorter than cortical timescales.
Subcortical regions tend to have shorter timescales than cortical areas in both datasets, but this difference is
substantially larger in the validation data.

In both datasets, subcortical areas tend to exhibit shorter timescales than cortical areas
(discovery: t (51.4) = 4.22, p < 0.0001; validation: t (93.8) = 16.72, p < 0.0001), but the magnitude
of this difference is over twice as large in the validation data than the discovery data (discovery:
d = 0.7; validation: d = 1.9). As a result, subcortical timescales in the validation data appear
largely undifferentiated from each other when visualized alongside cortical regions (Fig. 2). To
better visualize differences in timescale within and between subcortical structures within each
dataset, we created additional slice views of all subcortical regions after excluding cortical ROIs
(Fig. 3), as well as separately for each group of subcortical ROIs (i.e. thalamus, basal ganglia,
and medial temporal lobe; Fig. S6). This revealed some consistent features in the pattern of
timescales among subcortical ROIs within each dataset, but also some notable differences. In
both datasets, timescales lengthen along a ventrolateral to dorsomedial axis within the
thalamus (Fig. 3, Fig. S6A/B). Timescales are also consistently longer in the medial versus
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lateral amygdala and the anterior versus posterior hippocampus (Fig. 3, Fig. S6C/D), as well as
the in dorsolateral putamen compared to the globus pallidus (Fig. 3, Fig. S6E/F). In contrast,
timescales in the caudate differ considerably between datasets. In the discovery data, the
caudate exhibits some of the longest timescales relative to the rest of the basal ganglia (Fig.
S6E) as well as compared to the majority of other subcortical ROIs (Fig. 3). In the validation
data, however, the opposite is true (i.e. shorter timescales in the caudate relative to both the
rest of the basal ganglia (Fig. S6F) and other subcortical regions (Fig. 3)). Similarly, while the
medial amygdala and dorsolateral putamen exhibit relatively middling timescales in the
discovery data, they have the longest timescales among all subcortical regions in the validation
data (Fig. 3).
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Figure 3: Visualization of timescales across all subcortical ROIs.
Colors in each panel are scaled based on the maximum and minimum lag-1 autocorrelation among all subcortical
ROIs in each dataset.
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Figure S6: Visualization of timescales within each group of subcortical ROIs.
Colors in each panel are scaled based on the maximum and minimum lag-1 autocorrelation among each group of
ROIs in each dataset.

Due to these inconsistencies in the timescales of subcortical regions (particularly relative to
cortical areas), we decided to consider only cortical ROIs when investigating the relationship
between timescales and regional connectivity. However, prior to proceeding with these
analyses, we evaluated the possibility that timescale estimates may be confounded by regional
differences in signal to noise ratio. For each participant, we calculated tSNR by dividing the
temporal mean by the standard deviation of ROI time series from images which had undergone
only basic preprocessing (e.g. volume realignment and global intensity normalization). We then
calculated the median of these values across participants in each dataset and computed the
correlation between timescale and tSNR across cortical ROIs. Because spatial autocorrelation
can induce spurious correlations when comparing brain maps (Alexander-Bloch et al., 2018), we
evaluated the significance of these effects (and all other effects in this paper) using permutation
testing and a spatially-aware generative null model (Burt et al., 2020). In the discovery data, we
found a weak positive correlation between timescale and tSNR, but this effect was not
significant (r = 0.175, Pperm = 0.424). In the validation data, the correlation between timescale
and tSNR was notably stronger (r = 0.374, Pperm = 0.058). This effect largely disappeared when
excluding the 21 cortical areas with the lowest tSNR (i.e. the bottom decile) (r = 0.097, Pperm =
0.615). As such, while the main text presents analyses which include all cortical ROIs, we
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confirmed that all key findings in the validation data were robust to the exclusion of low signal
ROIs (see “Robustness to tSNR” in the Supplement). The only effect which failed to replicate in
this control analysis was the relationship between timescale and functional connectivity degree,
and we note this when reporting the results of that analysis.

Timescales are associated with multiple features of regional brain connectivity

Cortical areas with longer timescales tend to have greater structural connectivity

The simplest way to characterize and quantify the topology of a brain area is to simply count
how many other areas it connects to, and how strong those connections are. In weighted
networks (such as those used in this study), this measure is calculated as the sum of the weights
of all connections to a region, and is referred to as the “strength” or “weighted degree” of a
node. In the interest of brevity—and to avoid confusion when discussing the strength of
connectivity between pairs of regions—we refer to this measure simply as “degree”. In
mammalian structural brain networks, high degree “hub” regions exhibit preferential
connectivity to other highly connected regions, forming a “rich club” of topologically central
brain areas whose connections play an important role in integrating information across the
network (de Reus & van den Heuvel, 2013; Harriger et al., 2012; van den Heuvel et al., 2012; van
den Heuvel & Sporns, 2011, 2013c). High degree hubs are also a key feature of functional brain
networks (Achard et al.,, 2006; Buckner et al., 2009; Cole et al., 2010; Grayson et al., 2014;
Tomasi & Volkow, 2011; Zuo et al., 2012). Based on prior investigations into the relationship
between network topology and regional dynamics (Baria et al., 2013; Fallon et al., 2020; Gollo et
al., 2015; Sethi et al.,, 2017; Shinn et al., 2021), we predicted that brain areas with higher degree
in the functional and structural connectivity networks would exhibit longer timescales. This
hypothesis was preregistered (Hypothesis 2; (Lurie, 2018)).
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Figure 4: Cortical areas with longer timescales tend to have greater structural connectivity.

We found that functional connectivity degree (A) was positively correlated with regional timescale, but this effect was
not significant in the discovery data (B) or in the validation data when excluding ROIs with low tSNR (Supplement:
“Robustness to tSNR). In contrast, the relationship between timescale and structural connectivity degree (D) was
significant in both the discovery (E) and validation datasets (F). Panel (A) visualizes FC degree in the discovery dataset.
Asterisks highlight partial correlations that are significant at FDR g < 0.05.

As predicted, we observed a positive partial correlation (covarying for ROI volume) between
timescale and degree in both the functional and structural connectivity networks (Fig. 4). This
relationship was significant in both datasets for structural connectivity degree (discovery: r =
0.269, Dperm' X = 0.0469; validation: r = 0.419, Py © = 0.0006). In contrast, while the
correlation between timescale and functional connectivity degree was significant in the
validation data when including all cortical ROIs (r = 0.385, Dy« = 0.0280), this effect
disappeared when excluding regions with low tSNR (r = 0.103, Dper’ < = 0.624), nor did it reach
significance in the discovery data (r = 0.300, Dper' < = 0.1732). These results replicate prior
observations of a positive correlation between structural connectivity degree and the timescale
of regional BOLD dynamics ((Baria et al., 2013; Fallon et al., 2020; Sethi et al., 2017), but fail to
replicate reports of an analogous relationship in functional connectivity networks (Baria et al,,
2013; Shinn et al., 2021).

The relationship between timescales and the modular structure of human brain networks

While degree is arguably the most fundamental measure of regional topology (and the network
feature which has most consistently been associated with regional dynamics in prior studies), it
fails to consider another key aspect of brain network topology. In particular, in addition to high
degree hubs, an extensive literature in network neuroscience has demonstrated that brain
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networks exhibit a modular community structure in which regions are more likely to connect to
(or interact with) other regions in the same community than to regions in other communities
(Girvan & Newman, 2002; Newman, 2006; Sporns & Betzel, 2016). This modular structure can
be found at multiple scales, ranging from microscale neuronal populations (Lee et al., 2016;
Schroeter et al., 2015; Shimono & Beggs, 2015) to macro-scale functional and structural brain
networks (Crossley et al., 2013; Hagmann et al., 2008; He et al., 2009; Meunier et al., 2009;
Power et al., 2011). This architecture is thought to play a key role in facilitating effective
information processing, specialization of function, and flexible reconfiguration in support of
adaptive behavior and cognition (Bertolero et al., 2015; Bullmore & Sporns, 2009; Sporns, 2013;
Sporns & Betzel, 2016).

In the context of the brain’s network community structure, a connection between two brain
areas can be categorized as being either within-community (if the two brain regions are in the
same network community), or between-community (if the two regions are members of
different communities). Within-module degree (WD) and participation coefficient (PC) are two
complementary measures of regional topology which consider the modular community
structure of networks (Guimera & Nunes Amaral, 2005), and thus provide important additional
context about regional connectivity patterns above and beyond that provided by degree alone.
In this way, they allow us to take a more nuanced view of the role each region plays in the larger
network (Power et al., 2013).

Within-module degree quantifies the extent to which a region has a strong or widespread
connectivity to other brain areas within the same network community. However, because
communities often differ in size, raw WD values are z-scored across all regions in each
community. This is necessary because the preferential within-community connectivity in
modular networks will bias regions in larger communities to have a higher degree simply due to
community size. Thus the normalized (z-scored) metric provides information about the extent
of within-community connectivity of each region relative to other regions in the same
community. As such, regions with high WD act as hubs within their respective communities,
regardless of the extent to which they exhibit high overall degree. In contrast, participation
coefficient provides a measure of the extent to which a region is diversely connected across
multiple network communities. A low PC (approaching 0) indicates that a region connects only
to other regions within the same network community, while a high value (approaching 1)
indicates that connections are distributed evenly across communities. Regions with high PC act
as “connectors” between network communities, and are thought to play an important role in
coordinating activity or facilitating the integration or passage of information across
communities (Bertolero et al., 2015, 2017, 2018).

Given their putative roles in integrating information within (WD) and between (PC) network
communities, we predicted that brain areas with high PC and WD would exhibit longer intrinsic
timescales. As with degree, we predicted that this relationship would exist in both the structural
and functional connectivity networks. These predictions were preregistered (Hypothesis 1;
(Lurie, 2018)).
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Prior to calculating community-aware topological measures such as PC and WD, one must first
identify (or impose) a “partition” which splits the network into communities and describes
which regions belong to each community. While there are many different data-driven methods
for identifying communities in complex networks, by far the most common are those which
select an optimal partition based on modularity (Q), a mathematically defined quality function
which describes the extent to which connections are concentrated within rather than between
communities (Newman, 2006). However, all such “modularity maximization” algorithms
suffer from a “resolution limit” such that they are unable to detect communities smaller than a
given scale which depends on the size of the network and density of within-community
connections (Fortunato & Barthélemy, 2007). To counter this limitation, methods have been
developed (e.g. (Blondel et al., 2008)) that incorporate a “resolution parameter” (y) which
allows users to adjust the scale at which communities are identified (i.e. fewer larger
communities vs. more smaller communities).

However, as noted above, the modular architecture of neural systems manifests at multiple
scales, and this is true even for the macro-scale functional and structural brain networks
amenable to investigation by human neuroimaging (Betzel & Bassett, 2017). For example, one
might initially consider a coarse 2 community partition for human functional brain networks,
composed of “task positive” and “task negative” subsystems (Fox et al., 2005). At finer scales,
we might identify the “canonical” macroscale functional brain networks (e.g. default,
frontoparietal, visual, somatomotor, etc. (Damoiseaux et al., 2006; Power et al., 2011; Smith et
al., 2009; Uddin et al., 2019; Yeo et al., 2011)), each of which can in turn be further decomposed
into multiple smaller communities (Akiki & Abdallah, 2019; Ashourvan et al., 2019; Meunier et
al., 2009; Smith et al., 2009; Yeo et al., 2011). This sort of hierarchical community structure is
consistent with a view of the brain as a complex dynamical system which operates across
multiple spatial and temporal scales, but poses a challenge to researchers insofar as there is
likely no single “correct” scale at which define network communities. Further, because
participation coefficient and within-module degree are defined relative to a particular partition,
there is no guarantee that these measures will show a consistent relationship across scales to
other features of brain structure and function.

In light of these factors, we took a two-pronged approach to our investigation into the
relationship between timescale and PC/WD. First, we identified communities in each network
across a wide range of scales by varying the resolution parameter during community detection.
We then selected a single partition for each network which was most similar to the community
structure present at all other scales, and used this “maximally representative partition” (MRP)
to compute PC and WD in an initial investigation into the relationship between these features
and regional timescales. Second, we evaluated the degree to which each effect replicated at all
other scales, thus allowing us to evaluate the robustness of our findings across multiple scales
of network organization, as well as the opportunity to identify scale-specific effects (should
they exist).
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Longer timescales are associated with greater within-community functional connectivity across
scales, and within-community structural connectivity at coarse scales

As predicted, we found that cortical areas with greater WD in the functional connectivity
network tend to have longer timescales (Fig. 5). This relationship was significant in both
datasets across the majority of network scales (Fig. 5D), including the scale which we identified
as exhibiting the maximally representative community structure (discovery: r = 0.368, Pyerm' - =
0.0011; validation: r = 0.364, Dperm' < = 0.0006; Fig. 5B/C). Regional timescales were also
positively correlated with within-module connectivity in the structural connectivity network.
This effect was significant in the validation data across the majority of scales, but only reached
significance in the discovery data at the two coarsest scales (Fig. 5H). At these coarse scales,
cortical areas were split between just two communities (Fig. S7). To investigate the possibility
that the relationship between timescale and SC WD was scale-dependent, we compared
correlations across scales by computing confidence intervals for the difference in absolute
effect size (Zou, 2007). Effects were considered significantly different if the False
Coverage-statement Rate (FCR) corrected (Benjamini & Yekutieli, 2005) 95% CI did not include
zero. In the validation data, the strength of the relationship between timescale and SC WD was
significantly stronger at the two coarsest scales (y = [0.5, 0.6]) than at finer scales (y = [1.8, 2.5,
2.6, 2.7, 3.3, 3.4, 3.5]), but there was no significant difference in effect size across scales in the
discovery data. These results suggest that hubs of functional network communities tend to have
longer timescales across multiple levels of network organization, and that a similar effect exists
within structural connectivity networks at very coarse scales.
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Figure 5: Longer timescales are associated with greater within-community functional connectivity
across scales, and greater within-community structural connectivity at coarse scales.

(A-D) Brain areas with greater within-community functional connectivity tend to have longer timescales. This
relationship was significant in both datasets across the majority of network scales. (E-H) Timescale was also positively
correlated with within-community structural connectivity, but this effect only replicated at the two coarsest network
scales. Panel (A) visualizes FC WD in the discovery dataset. Asterisks highlight partial correlations that are significant

at FDR g < 0.05.
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Figure S7: Correlation between cortical timescales and within-community structural connectivity at

coarse scales.
(A-B) Partial correlation between timescale and SCWD aty = 0.6. (C-D) SC WD and community structure at y = 0.6.

Longer timescales are associated with diverse structural connectivity

We observed only a weak negative correlation between cortical timescales and FC participation
coefficient at the majority of network scales, and these relationships did not reach significance
at any scale in either dataset (Fig. 6A-D). At each network scale, we used confidence interval
tests to compare the strength of these correlations to those we observed between timescale and
FC WD. In both datasets, we found that the relationship between timescale and FC PC was
significantly weaker than the relationship with FC WD at multiple scales (y = [1.3, 1.4, 1.5, 3.0,
3.1, 3.2, 3.3, 3.4, 3.5]). This suggests that in functional connectivity networks, the extent of
within-community connectivity, but not the diversity of between-community connectivity, is
associated with longer timescales.
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Figure 6: Longer timescales are associated with diverse structural connectivity.

(A-D) At most scales, we observed a weak negative correlation between cortical timescales and regional participation
coefficient in the functional connectivity network, but this effect was not significant at any scale in either dataset.
(E-H) In contrast, participation coefficient in the structural connectivity network exhibited a significant positive
correlation with cortical timescales in both datasets across multiple scales. Panel (A) visualizes FC PC in the discovery
dataset. Asterisks highlight partial correlations that are significant at FDR q < 0.05.

In contrast, participation coefficient in the structural connectivity network showed a significant
positive correlation with cortical timescales at multiple network scales (Fig. 6E-H), including
when PC was computed relative to the maximally representative community structure
(discovery: r = 0.282, Doy % = 0.0368; validation: r = 0.366, Py = 0.0020). In the validation
data, this relationship was significantly stronger than the relationship between timescale and
FC PC at multiple scales (y = [1.9, 2.0, 2.9, 3.3, 3.4, 3.5]), but this difference was only significant
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in the discovery data at the two finest scales (y = [3.4, 3.5]). Together, these results suggest that
longer timescales in the cerebral cortex are associated with greater diversity of
between-community structural connectivity.

Functional connectivity WD and structural connectivity PC capture distinct aspects of brain
organization

Our observation that cortical timescales exhibit a significant positive correlation with both FC
WD and SC PC could in theory result from a correlation between the two measures of regional
network topology. To evaluate this possibility, we first calculated the correlation between FC
WD and SC PC at each network scale. This revealed that these two measures are only weakly
correlated (discovery: mean (SD) = 0.085 (0.048), validation: 0.128 (0.051)). Second, we tested
whether the relationship between timescale and SC PC remained significant when controlling
for FC WD (and vice versa). For these control analyses, we focused on SC PC and FC WD
calculated relative to the maximally representative community partition of each network (y =
2.0 and y = 1.8, respectively). The correlation between timescale and SC PC remained significant
when controlling for FC WD (discovery: r = 0.268, Py = 0.0119; validation: r = 0.363, Pperm =
0.0019) as did the correlation with FC WD when controlling for SC PC (discovery: r = 0.358, Dperm
= 0.0009; validation: r = 0.361, P, = 0.0009). Similarly, we evaluated the possibility that the
relationship between timescale and within-community functional connectivity could be
explained by overall functional connectivity degree. We found that the relationship between
timescale and functional connectivity WD remained significant in both datasets when
controlling for FC degree (discovery: r = 0.287, Pperm = 0.0009; validation: r = 0.255, Dperm =

0.0099).

Preferential functional connectivity between regions with similar timescales

Brain areas with similar properties (e.g. in terms of their anatomy (Barbas & Rempel-Clower,
1997; Wei et al., 2019), function (Smith et al., 2009; Yeo et al., 2016), or topology (Bertolero et
al., 2017; van den Heuvel & Sporns, 2011)) preferentially connect to each other. Based on this
principle of “similar prefers similar” (Goulas et al., 2016), we tested whether regions with
similar timescales are more strongly connected than regions with dissimilar timescales, as well
as if timescales are more similar between pairs of regions in the same network community
compared to pairs belonging to different communities. Because brain areas are more likely to
connect to other nearby regions compared to more distant areas (Alexander-Bloch et al., 2013;
Bullmore & Sporns, 2012; Ercsey-Ravasz et al., 2013), both of these analyses accounted for the
potentially confounding effect of Euclidean distance between regions.

To test for preferential connectivity between regions with similar timescales, we first calculated
the difference in timescale between each pair of cortical areas. We then calculated the partial
correlation (covarying for Euclidean distance) between the absolute value of pairwise timescale
differences and the strength of functional and structural connectivity between each pair. We
found a small but significant negative correlation between pairwise functional connectivity and
timescale differences in both datasets (Table 1), suggesting that cortical areas tend to exhibit
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marginally stronger functional connectivity to other areas with similar timescales. Given the
positive correlation we observed between timescale and degree, we conducted a control analysis
to ensure that preferential connectivity between regions with similar timescales was not a
byproduct of the “rich club” phenomenon (i.e. preferential connectivity between high degree
hubs). To do this, we regressed degree from timescale estimates prior to calculating pairwise
differences. As before, we observed a significant negative correlation in both datasets.

Table 1: Preferential connectivity

Model Discovery | Validation

FC strength r=-0182 r=-0151
(0.0005) (0.0005)

FC strength r=-0165 r=-0159
(adj. degree) (0.0005) (0.0005)

SC strength r=-0.027 r=-0100

(0.6143) (0.0288)
SC strength r=-0.016 r=-0.062
(adj. degree) (0.6978) (01472)

SC conn. vs. not t=-9.797 t=-9.82
(0.2259) (01235)

SC conn. vs. not t=-8.618 t=-9.054
(adj. degree) (0.2935) (0.1236)

Parentheses contain pyem ™
Significant effects are highlighted in bold.

Because the population structural connectome we analyzed is sparse (i.e. only ~10% of possible
edges are present), we undertook two complementary analyses of preferential connectivity in
the SC network. First, we evaluated the correlation between pairwise structural connectivity
strength and timescale differences, but limited this analysis to region pairs connected by at
least one streamline. We observed a significant relationship between timescale similarity and
structural connectivity strength in the validation dataset, but this effect did not replicate in the
discovery data or when accounting for SC degree (Table 1). Second, we binarized the structural
connectivity network and tested whether the distribution of timescale similarities was different
for connected vs. unconnected pairs of brain areas. As with the correlation analysis, we did not
find evidence of preferential structural connectivity between areas with similar timescales.
When controlling for regional degree, functional connectivity strength had a significantly
stronger correlation with timescale similarity than did structural connectivity strength in both
datasets (discovery: Ar = -0.149, FCR-adjusted 95% CI = [-0.206, -0.092]; validation: Ar =
-0.097, FCR-adjusted 95% CI = [-0.154, -0.041]). Together, these results suggest that there is
preferential functional connectivity but not preferential structural connectivity between
cortical areas with similar timescales.
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To test whether timescales were more similar within vs. between communities, we compared
the distribution of timescale differences for pairs of regions in the same community to the
distribution of differences for pairs where each region belonged to a different community. We
repeated this analysis at every network scale. In the validation data, we found that timescales
were significantly more similar within vs. between communities of the functional connectivity
network at multiple scales, but none of these effects were significant in the discovery data (Fig.
7). In the structural connectivity network, we did not find evidence of greater
within-community timescale similarity at any scale in either dataset.

DlSCOVGry Pairwise Differences in Timescale Within vs. Between Communities

SC -

T-statistic

FC -

T T T T T T T T T T T I I T T T T T T
05 06 07 08 09 1.0 1.1 1.2 13 1.4 15 1.6 1.7 1.8 1.9 2.0 21 2.2 23 24 25 26 27 2.8 29 3.0 31 32 33 34 35
Resolution

Valldatlon Pairwise Differences in Timescale Within vs. Between Communities

SC

T-statistic

FC

LU D I R ER E K S E B
05 06 0.7 0.8 09 1.0 1.1 12 13 1.4 15 16 1.7 1.8 1.9 20 21 2.2 23 24 25 26 2.7 28 29 30 31 32 33 34 35
Resolution

Figure 7: Similarity of timescales within versus between communities.

In the validation data, timescales were more similar between pairs of regions in the same functional network
communities than for pairs where each region was in a different community. However, this effect did not replicate in
the discovery data. We did not observe any evidence in either dataset for greater within-community timescale
similarity in the structural connectivity network.

Discussion

In an analysis of resting BOLD fMRI data, we demonstrate that a fundamental property of
regional brain dynamics—intrinsic timescale—is associated with multiple features of
macro-scale brain connectivity. By considering the multi-scale modular organization of neural
systems, our results provide new insights into the relationship between connectivity and
dynamics in the cerebral cortex. We find that cortical regions with longer timescales tend to
have extensive structural connectivity, as well as connectivity which is more diversely
distributed across network communities. Longer timescales are also associated with greater
within-community functional connectivity, and we show that functional connectivity between
brain areas with similar timescales tends to be stronger than functional connectivity between
areas with dissimilar timescales. These effects replicate across two different datasets and a wide
range of topological scales.
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The topography of timescales we observe in the cerebral cortex is largely consistent with the
results of previous studies which have mapped timescales in the primate brain using BOLD fMRI
(Baria et al., 2013; Fallon et al., 2020; Ito et al., 2020; Manea et al., 2022; Miiller et al., 2020; Raut
et al., 2020; Shafiei et al., 2020; Shinn et al., 2021; Watanabe et al., 2019; Wengler et al., 2020).
That said, our observation of consistently short rather than long timescales in the inferior
parietal lobule departs from the results from the majority of previous studies (though we note
that there is substantial heterogeneity in this literature). All of the cortical areas we found to
have consistently longer timescales are regions whose activity and functional connectivity have
been associated with higher-order cognitive functions rather than low-level sensory and motor
processes (Smith et al., 2009; Uddin et al., 2019; Yeo et al., 2016). However, not all higher-order
cortical areas had consistently long timescales, and we found that many regions which sit near
the top of canonical information processing hierarchies (e.g. limbic areas (Mesulam, 1998))
consistently exhibit some of the shortest timescales in the cerebral cortex. Similarly, we did not
find consistently short timescales in the majority of sensory and motor regions. As such, our
results (and those from numerous other studies (Baria et al., 2013; Fallon et al., 2019; Manea et
al., 2022; Shafiei et al., 2020; Shinn et al., 2021; Wengler et al., 2020)) fail to support the view
that BOLD timescales are shortest in unimodal sensory areas and longest in heteromodal
association regions (though see (Raut et al., 2020) and (Ito et al., 2020)).

Given the sparse spatial sampling found in the majority of studies which used invasive
electrophysiology to study neural timescales (typically only a handful of recording sites at
most) (Maisson et al., 2021; Murray et al., 2014; Nougaret et al., 2021; Rossi-Pool et al., 2021;
Wasmuht et al., 2018), it is difficult to determine the extent to which BOLD timescales conform
to or depart from much of the broader literature on neural timescales. However, (Watanabe et
al., 2019) found very good correspondence between timescales estimated from simultaneously
recorded EEG-fMRI, and recent work by (Manea et al., 2022) was able to directly replicate many
electrophysiology-based timescale hierarchies using high-resolution fMRI in macaques.
However, results from another recent study which mapped timescales across the human
cerebral cortex using invasive recordings found both similarities and notable differences
compared to maps of BOLD timescales (Gao et al., 2020), suggesting that the relationship
between neural timescales and hemodynamic timescales may be spatially heterogeneous.

We are aware of only three prior studies which have investigated differences in timescales
across subcortical regions, and while we found subcortical timescales to be less consistent
across datasets than cortical timescales, the consistent features we did observe largely replicate
the findings from these prior reports. In particular, a recent analysis by (Raut et al., 2020)
estimated voxelwise BOLD timescales in subcortical regions and found the same ventrolateral to
dorsomedial gradient within the thalamus as we observe when using regions of interest. Our
results similarly replicate Raut et al.’s finding of longer timescales in the anterior versus
posterior hippocampus, and suggest that this gradient continues into the amygdala. The lack of
consistency we observed for timescales in the basal ganglia makes it difficult to compare our
results to prior work. That said, we did observe consistently longer timescales in the
dorsolateral putamen compared to the globus pallidus, and this finding appears to replicate two
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recent studies which found shorter timescales in the GP than the striatum using invasive
electrophysiological recordings (Nougaret et al., 2021) and BOLD fMRI (Manea et al., 2022) in
macaques. Raut and colleagues did not include the GP in their analysis, though they did observe
a posterolateral to anteromedial timescale gradient within the striatum. More generally, our
observation that BOLD timescales tend to be shorter in subcortical areas than in the cerebral
cortex is consistent with the studies by (Raut et al., 2020) and (Manea et al., 2022).

Prior work suggests that brain areas with greater inter-regional structural connectivity (i.e.
greater degree) tend to exhibit slower BOLD dynamics (Baria et al., 2013; Fallon et al., 2019;
Sethi et al., 2017). Our work replicates and extends these findings in important ways. Most
significantly, our analyses considered structural connections both within and between cortical
hemispheres, as well as between cortical and subcortical regions. In contrast, the studies by
(Baria et al., 2013) and (Fallon et al., 2020) both focused exclusively on connections between
cortical areas within each hemisphere'. In the population-average structural connectome we
analyzed here, interhemispheric connections make up almost half (46%) of all edges present in
the network, while connections between cortical areas and subcortical regions make up almost a
third (29%). As such, failing to consider these connections when analyzing the topology of
structural connectivity networks will inherently provide an incomplete picture of brain network
organization and the extent to which each region exhibits strong or widespread connectivity.
Further, we believe ours is the first study on the relationship between regional dynamics and
structural connectivity degree to consider and correct for the potentially confounding effects of
both ROI volume and spatial autocorrelation. These corrections are far more than a formality;
the majority of the null effects we report are significant when failing to correct for one or the
other of these confounds. Overall, our results demonstrate that this relationship is replicable,
statistically robust, and not unique to the special case of intra-hemispheric connectivity
between cortical areas. Possible mechanistic explanations for this relationship come from
computational models, which suggest that widespread inputs may stabilize the dynamics of
high degree regions (Gollo et al., 2015), and that local synaptic integration may act as a low pass
filter on these inputs (Baria et al., 2013).

In contrast to our findings for structural connectivity, we did not observe a significant
correlation between timescale and functional connectivity degree in either dataset®. That said,
we caution readers against drawing any strong conclusions based on these results, as the
magnitude of the effects we did observe are comparable to those for structural connectivity. As
such, our findings on the relationship between timescale and functional connectivity degree sit
in an ambiguous statistical “limbo” (de Hollander et al., 2014); not themselves significant, but
not significantly weaker than the significant effects we did observe. We are aware of two

' The work by (Sethi et al., 2017) similarly focused on a single hemisphere, but included connections to and from
subcortical areas. That said it should be noted that this study differs from our work and the studies by Baria and Fallon
insofar as it analyzed a directed network derived from tract-tracing in mice rather than undirected connectivity
estimated from diffusion tractography in humans.

2 This effect was significant in the validation data in our initial analysis, but became substantially weaker and failed to
reach significance when excluding cortical ROIs with low tSNR.
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previous human resting fMRI studies which found a tendency for regions with slower dynamics
to exhibit greater functional connectivity degree (Baria et al., 2013; Shinn et al., 2021). While
additional work is needed to determine exactly which factors are driving the discrepancy
between our current findings and those in prior reports, we note that our use of weighted
degree and consideration of all positive connections differs from the methods used by (Baria et
al., 2013) and (Shinn et al., 2021), both of whom estimated degree as the number of connections
exceeding a given threshold.

A major contribution of this work is our demonstration that cortical timescales are related to
features of network topology which consider the modular organization of structural and
functional brain networks. We show that brain areas with long timescales also tend to have
higher within-community functional connectivity, and that this effect is at least partially
independent of the extent to which these regions also exhibit high overall functional
connectivity degree. Within the modular community structure of functional brain networks,
these hubs are topologically positioned to facilitate segregated processing by integrating
information within functionally specialized subsystems (Bertolero et al., 2018; Sporns, 2013;
van den Heuvel & Sporns, 2013b), and our results suggest that this role is reflected in their
dynamics. In contrast, we did not find evidence for a relationship between timescales and the
extent to which each cortical area exhibits diverse functional connectivity across communities.
This finding runs counter to our initial predictions, but is consistent with the fact that regions
with diverse connectivity do not necessarily also exhibit widespread connectivity (i.e. regions
with high PC do not necessarily also have high within-community or overall degree; (Oldham et
al., 2019)). Indeed, we found that FC PC was negatively correlated with FC WD across scales in
both datasets (Fig. S8). Together, these results suggest that long timescales may reflect
topologically local rather than global integration within functional connectivity networks.
Further, they are consistent with the possibility that timescale hierarchies may exist within each
functionally specialized network module, though further work is needed to directly test this
hypothesis.
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Figure S8: Correlation between WD and PC in the functional connectivity network.

We also found that regions with longer timescales tend to have more diverse structural
connectivity. This finding stands in contrast to the lack of an association between timescale and
participation coefficient in the functional connectivity network?, and underscores the fact that
functional connectivity patterns do not necessarily mirror the organization of the underlying
structural connectome. The relationship between structural connectivity and functional
connectivity is complex and spatially heterogeneous, and many areas with highly correlated
brain activity do not have direct anatomical connections (Suarez et al., 2020;
Vazquez-Rodriguez et al., 2019; Zamani Esfahlani et al., 2022). Similarly, as evidenced in our
results, network communities in the structural connectome do not necessarily correspond to
functionally specialized information processing modules. As such, the functional significance of
structural connectome topology is not always readily apparent, and must often be discovered
iteratively through experimentation rather than intuition. Our results add to this literature.
Recent work suggests that regions with diverse structural connectivity have a topology which
favors global multi-synaptic interactions (Bazinet et al., 2021). Further, many the regions
identified by Bazinet and colleagues as having the strongest preference for topologically global
multi-synaptic interactions overlap with areas we found to have consistently long timescales,
while many of the areas with the strongest preference for topologically local mono-synaptic
interactions overlap with regions we identified as having the shortest timescales. This suggests
that long timescales in regions with diverse structural connectivity may reflect the integration

3 Though we note that the difference in effects between FC PC and SC PC was only significant in both datasets at the two
finest scales.
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of signals across a wide range of remote brain areas, including regions to which they exhibit no
direct anatomical connections. Our results may also provide insight into recent reports of
timescale disruption in psychiatric disorders (Watanabe et al., 2019; Wengler et al., 2020), as
regions with diverse structural connectivity are also more likely to exhibit disrupted activity in
these conditions (Crossley et al., 2014).

Finally, we found a weak but significant correlation between the strength of functional
connectivity between brain areas and the extent to which they exhibit similar timescales. The
magnitude of this effect is comparable to that found in a recent report by (Shafiei et al., 2020),
who found stronger structural connectivity between regions with similar time series properties.
In contrast, we did not find evidence for preferential structural connectivity between cortical
areas with similar timescales. These results suggest that functional assemblies may exhibit
similar timescales, though we only found evidence for greater timescale similarity within
versus between functional network communities in one of the two datasets we analyzed.

This study has at least seven limitations. First, while we analyzed fMRI data from multiple
datasets, we compared timescales estimated from those data to a single common structural
connectome. As such, our analyses of each dataset are not fully independent. Second, our
analysis focused on group-level estimates of timescale and connectivity, and the effects we
observe may not fully generalize in individual participants (Fisher et al., 2018). Third, we used
only a single parcellation of cortical and subcortical areas, and it is possible that our results
might differ when using alternative region definitions or when investigating timescales and
connectivity at the level of individual voxels. Fourth, the parcellation we chose did not include
any cerebellar regions. Fifth, recent work suggests that the generative null model to account for
spatial autocorrelation may not exactly control the false positive rate (Markello & Misic, 2021).
Sixth, we focused exclusively on communities identified through modularity maximization, and
thus did not consider other kinds of network organization such as core-periphery or
disassortative community structure (Betzel et al., 2018; Faskowitz et al., 2018). Seventh, we did
not account for the potential confounding effect of time series autocorrelation on functional
connectivity estimates (Afyouni et al., 2019; Bartlett, 1935). Our findings should be considered
in light of these limitations.

Supplemental Information

Robustness to tSNR

To ensure the observed associations between cortical timescales and network topology were not
confounded by tSNR, we repeated our analyses of the validation data after excluding the 21
cortical ROIs (i.e. the bottom decile) with the lowest tSNR. The only effect which was not robust
to these exclusions was the correlation between timescale and FC degree, which became
substantially weaker (r = 0.103, Dpern' < = 0.624). The relationship between timescale and SC
degree remained highly significant (r = 0.429, Pyem © = 0.003). The relationships between
timescale and FC WD, SC WD, and SC PC also remained significant at multiple scales (Fig. S9)
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Figure S9: Modular topology associations in validation data after excluding regions with low tSNR.
Asterisks highlight correlations that are significant at FDR q = 0.05.
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Gradients of intrinsic dynamics show distinct
relationships with anatomical and

connectomic hierarchies in the cerebral cortex

Introduction

The brain is an inherently dynamic system. Fundamental to this dynamism are the
time-varying patterns of activity exhibited by brain areas as they process and integrate neural
signals in support of flexible cognition and adaptive behavior. Shaped by almost innumerable
factors at multiple scales, these precise temporal patterns of firing and quiescence are where
the rubber of neurophysiology meets the road of information processing. Building a robust
science of brain function will necessarily require understanding how these dynamics vary
across brain areas and behavioral contexts, as well as the anatomical and connectomic
properties which give rise to these differences.

Just as the physical properties of brain areas vary in multiple ways, so too do their dynamics.
However, studies of brain dynamics typically investigate only one time series property at a time.
Similarly, the majority of these studies focus on time series features sensitive to a handful of
common properties, such as spectral content, autocorrelation, and variability. As such, while
these efforts have made important contributions to our understanding of brain function—such
as the importance of variability for cognitive performance (Uddin, 2021; Waschke et al., 2021)
and the discovery of a hierarchy of timescales in the primate cerebral cortex (Gao et al., 2020;
Murray et al., 2014)—important questions remain about the characteristic features of regional
brain dynamics, the relationships between these features, and their association with other
aspects of brain structure and function.

Here, we use a data-driven “time series phenotyping” approach to characterize multiple
properties of intrinsic regional brain dynamics recorded from resting fMRI in human
participants. We show that a diverse set of 22 time series features vary along a small number of
axes, and that these axes can be modeled as two spatial gradients, each of which has a distinct
topography and captures different aspects of intrinsic dynamics. These gradients show distinct
relationships to anatomical and connectomic hierarchies in the cerebral cortex, and together
define a low-dimensional subspace which allows us to study and visualize how multiple time
series properties vary within and between microstructurally defined cortical zones and
functionally specialized subsystems. Our results replicate in an independent sample, and
provide new insights into both the functional organization of the human brain as well as the
methods used to study BOLD time series.
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Results

Time series phenotyping of intrinsic regional brain dynamics

Following preprocessing and denoising, we extracted and z-scored the average BOLD time
series from each of 400 functionally defined cortical regions (Schaefer et al., 2018). From each
regional time series, we then computed 22 features (Table 1) sensitive to diverse time series
properties including linear and nonlinear autocorrelation, the timing of extreme events,
spectral content, and fractal scaling, as well as features based on the distribution of time series
values, successive differences between neighboring time points, and symbolic transformations
of the original time series. Together, these features allow us to characterize the complex
multi-dimensional “phenotype” of intrinsic regional brain dynamics (B. D. Fulcher et al., 2013;
B. D. Fulcher & Jones, 2017), similar to how one might measure multiple physical or
psychological traits when studying individual differences in humans. This “time series
phenotyping” approach produces, for each individual, a 22 x 400 (features x regions) time
series feature matrix which captures how multiple aspects of intrinsic dynamics vary across the
cerebral cortex. From these, we created a group-level feature matrix by calculating the median
value for each feature and cortical area, and used this group-level matrix in subsequent
analyses.

The 22 time series features we use here are a subset of a much larger (n > 7000) library of
univariate time series features (B. D. Fulcher et al., 2013), and were selected in a data-driven
manner by (Lubba et al.,, 2019). Specifically, Lubba and colleagues first evaluated the ability of
each feature to accurately classify over 140,000 individual time series in 93 data sets taken from
diverse fields including physics, engineering, finance, ecology, linguistics, and physiology
(Bagnall et al., 2017). Features were then clustered based on their classification performance
across data sets, and a single top performing feature was selected from each cluster. In this way,
Lubba et al. identified a minimally redundant set of interpretable time series features which are
maximally sensitive to differences in dynamics across domains while remaining representative
of the diversity of methods used to study empirical time series.

To gain initial insight into the diversity and spatial distribution of time series phenotypes in the
cerebral cortex, we used hierarchical clustering to group and order the 22 time series features
based on the degree to which they produce similar results across regions. We then visualized the
full 22 x 400 group-level feature matrix (Fig. 1), with brain areas arranged by hemisphere and
functional connectivity network (Yeo et al., 2011). This revealed that 18 of the 22 features can be
assigned to one of four clusters, each defined by a distinct pattern of variation across brain
areas and functional networks. This cluster structure was replicated in the validation sample
(Fig. S1).
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Table 1: Time series features.

Distribution: Properties of the data distribution (which are insensitive to the time-ordering of values in the time
series).

DN_HistogramMode_5: Mode of the distribution estimated using a 5-bin histogram.

DN_HistogramMode_10: Mode of the distribution estimated using a 10-bin histogram.

Extreme Events: Direction and timing of extreme events.

DN_OutlierInclude_p_001_mdrmd: Timing of extreme events above the mean.

DN_OutlierInclude_n_001_mdrmd: Timing of extreme events below the mean.

Symbolic: Features that involve symbolic transformations of a real-valued time series to a set of discrete symbols.

SB_BinaryStats_mean_longstretch1: Longest period of consecutive values above the mean.

SB_BinaryStats_diff_longstretch@: Longest period of successive incremental decreases.

SB_MotifThree_quantile_hh: Shannon entropy of two successive letters in an equiprobable 3-letter symbolization.

SB_TransitionMatrix_3ac_sumdiagcov: Trace of the covariance of the transition matrix between symbols in a
3-letter symbolization.

Linear autocorrelation and periodicity: Linear autocorrelation properties of the time series.

CO_f1ecac: First 1/e crossing of the autocorrelation function.

CO_FirstMin_ac: First minimum of the autocorrelation function.

FC_LocalSimple_mean3_stderr: Standard deviation of the residuals from a rolling 3-sample mean forecasting
model.

PD_PeriodicityWang_th@_01: Periodicity (lag at which the autocorrelation function exhibits the first clear peak).

Nonlinear autocorrelation: Nonlinear autocorrelation properties of the time series.

CO_HistogramAMI_even_2_5: Automutual information calculated using a lag of 2 and a 5 bin histogram.

IN_AutoMutualInfoStats_40_gaussian_fmmi: First minimum of the automutual information function.

Spectral content: Statistics extracted from the power spectrum of the time series.

SP_Summaries_welch_rect_area_5_1: Total power in the lowest fifth of frequencies.

SP_Summaries_welch_rect_centroid: Centroid of the power spectrum (value at which the cumulative sum of the
PSD is %2 of its maximum).

Successive differences: Statistics based on the first derivative of the time series (the time series of incremental
differences).

MD_hrv_classic_pnn40: Proportion of successive differences exceeding 0.04 standard deviations.

FC_LocalSimple_meani_tauresrat: Change in correlation length after differencing (x.,—x,).

CO_Embed2_Dist_tau_d_expfit_meandiff: Exponential fit to successive distances in 2-dimensional time- delay
embedding space.

48



CO_trev_1_num: Mean cubed successive differences.

Fractal scaling: Statistics of the long-range (self-affine) scaling of temporal fluctuations.

SC_FluctAnal_2_dfa_50_1_2_logi_prop_r1: Crossover point between scaling regimes in a Detrended

Fluctuation Analysis (50% sampling).

SC_FluctAnal_2_rsrangefit_50_1_logi_prop_r1: Crossover point between scaling regimes in a Rescaled Range
Analysis.

Brain Areas

ON PN LFPN

M-FPN ON PN

DFPN MCIN LN LFPN D-FPN  MCIN LN M-FPN
i~ Functional Network
~ First 1/e crossing of autocorrelation function
- Longest period of consecutive values above the mean
- Longest period of successive incremental decreases
~ Automutual information (T = 2, 5 bins)
[ — Exponential fit to successive distances in 2-d embedding space
| | - Periodicity
~ First minimum of the automutual information function
~ First minimum of autocorrelation function
— Crossover point between scaling regimes in a Rescaled Range Analysis
- Change in correlation length after iterative differencing
— Proportion of successive differences exceeding 0.040
- Centroid of the Fourier power spectrum
- Shannon entropy of two successive letters in equiprobable 3-letter symbolization
~ Error from a rolling 3-sample mean forecast
~ Timing of extreme events below the mean
- Timing of extreme events above the mean
’ - Crossover point between scaling regimes in a DFA (50% sampling)
‘ - Mean cubed successive differences
— Total power in lowest fifth of frequencies in the Fourier power spectrum
I ~ Mode of z-scored distribution (10-bin histogram)
= Mode of z-scored distribution (5-bin histogram)
| — Trace of covariance of transition matrix between symbols in 3-letter alphabet

-4 4

Time Series Features

Left hemisph Right hemisphere

-2 0 2
Feature value (z-scored)

Figure 1: Time series phenotyping reveals the structure of intrinsic brain dynamics.

To characterize the dynamical properties of intrinsic BOLD activity in each cortical area (columns), we computed 22
time series features (rows) previously shown to be highly discriminative across a wide range of time-series
classification tasks. Together, these features allow us to describe the multi-dimensional “time series phenotype” of
intrinsic dynamics in each brain area. We then used hierarchical clustering to identify groups of features which
exhibit similar patterns of variation across regions, and visualized these patterns relative to the large-scale
functional architecture of the cerebral cortex (colored bar, top). We found that 18 of the 22 features can be assigned to
one of four clear clusters (colored dendrogram, left). The two largest clusters (green and orange) both contain
features sensitive to the “timescale” (autocorrelation) of intrinsic dynamics. Features in the third (pink) cluster
capture information about the timing of extreme events, while features in the fourth (blue) cluster describe fractal
scaling properties of regional time series and the symmetry of successive differences. Dotted horizontal lines
delineate the four feature clusters. Left and right hemisphere regions are separated by the solid vertical line, while
dashed vertical lines delineate functional connectivity networks. Network definitions are taken from (Yeo et al., 2011)
and have been re-labeled using the anatomy-based taxonomy proposed by (Uddin et al., 2019): ON, occipital; PN,
pericentral; D-FPN, dorsal frontoparietal; M-CIN, midcingulo-insular; LN, limbic; L-FPN, lateral frontoparietal;
M-FPN, medial frontoparietal).

The two largest clusters (green and orange) both contain features sensitive to time series
autocorrelation, and thus capture information about the “timescale” of intrinsic brain
dynamics. These features cluster separately depending on whether they produce higher (green
cluster) or lower values (orange cluster) for time series with high autocorrelation. As such, they
follow two highly similar but opposite patterns of variation across brain areas. These features
suggest that the shortest timescales (lowest autocorrelation) can be found in limbic regions,
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while the longest timescales (highest autocorrelation) can be found in portions of the dorsal,
lateral, and medial frontoparietal networks.

The two features in the third (pink) cluster are both sensitive to the timing of “extreme” events
(i.e. timepoints which exceed a given threshold above or below the mean). Specifically, these
features quantify the extent to which extreme events tend to occur more frequently towards the
beginning (values approaching -1; Fig. 2D) or end (values approaching 1; Fig. 2C) of the resting
scan. As such, these features capture information related to the “stationarity”* of extreme
events. Both features produce a positive value for most brain areas (Fig. S2, O/P), and this
tendency for extreme events to occur more frequently towards the end of the scan is most
pronounced for regions in the occipital, pericentral, and dorsal frontoparietal networks (Fig. 1).

The fourth (blue) cluster contains two features which broadly distinguish regions in the
pericentral network from the rest of the cortex (Fig. 1). The first of these features characterizes
the symmetry of the distribution of successive differences in regional time series (i.e. increases
and decreases in BOLD signal from one time point to the next). It is calculated as the mean of
cubed” successive differences (MCSD) and produces a negative value for most brain areas (Fig.
S2R), indicating an asymmetry towards sudden large decreases and more gradual increases
(Fig. 2E). The second feature in this cluster uses a modification of Detrended Fluctuation
Analysis (DFA) (Hardstone et al., 2012; Peng et al,, 1994) to characterize the “multifractal”
scaling properties of regional BOLD time series. In DFA, a scaling rule is estimated to describe
the rate at which time series fluctuations grow when estimated over increasingly long
timescales (window sizes). However, many real-world time series (including BOLD fMRI data)
exhibit “multifractal” scaling in which there are different scaling rules across different ranges
of timescales (Churchill et al., 2016; Miller et al., 2020; Peng et al., 1995; Talkner & Weber,
2000). The method used here assumes the presence of two distinct scaling regimes, and
attempts to identify the “crossover” point at which scaling behavior changes (Fig. 2, G/H).

Together, our clustering results suggest that properties of intrinsic brain dynamics captured by
the 22 time series features vary along a handful of common axes, each of which follows a
distinct pattern of variation across cortical areas. As such, we sought to formally model this
low-dimensional structure to better understand the relationships between time series features
and how they interact to produce a diversity of time series phenotypes.

! A statistical property of a time series (here, the frequency of occurrence for extreme events) is said to be stationary if it
does not change over time.

2 Cubing has the effect of magnifying the influence of large successive differences.
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Figure 2: Illustration of key time series properties and features.

The majority of the features which load significantly on the primary and secondary gradients capture regional
differences in just four key time series properties: autocorrelation, the timing of extreme events, the symmetry of
successive differences, and multifractal scaling. Here, we visualize these properties and provide illustrative examples
of how they are characterized and quantified. (A, B) The primary gradient is characterized by significant loading from
multiple features sensitive to the autocorrelation or “timescale” of intrinsic brain dynamics, which we visualize in
panels A and B by plotting the autocorrelation function (ACF, gray line) of two regional BOLD time series. Time series
from regions with long timescales produce an ACF which decays gradually (A), while autocorrelation decays more
rapidly in regions with short timescales (B). The decay behavior of regional ACFs forms the basis of two features with
strong positive loading on the primary gradient: the first 1/e crossing (i.e. the first lag for which autocorrelation <
0.3679; red circle and dotted vertical line) and first minimum (blue circle and dashed vertical line). (C, D) The two
features with the strongest positive loading on the secondary gradient are sensitive to the timing of “extreme”
events (i.e. time points whose value exceeds a given threshold above or below the mean). These features first identify
extreme events across a range of thresholds, and then compute the median index of these events at each threshold.
Medians are rescaled such that the midpoint of the time series has an index of 0 (vertical dotted line), and the final
statistic is calculated as the median of medians across all thresholds (vertical blue dashed line). For illustrative
purposes, extreme events in panels C and D (red dots) are visualized relative to a single threshold (+1 SD; horizontal
dashed line). These features produce increasingly positive values (approaching 1) for regions in which extreme events
tend to occur more frequently towards the end of the scan (C), and increasingly negative values (approaching -1) for
regions in which extreme events tend to occur more frequently towards the beginning of the scan (D). (E, F) The
feature with the strongest negative loading on the secondary gradient is the mean of cubed successive differences
(MCSD). Time points in panels E and F are scaled and colored based on the magnitude and direction of the (cubed)
difference relative to the previous time point, (t, — t,,)? Some brain areas exhibit an asymmetry towards sudden
large decreases and more gradual increases (E), while others exhibit the opposite tendency (F). (G, H) The other
feature with significant negative loading on the secondary gradient uses Detrended Fluctuation Analysis (DFA) to
characterize the multifractal scaling properties of regional BOLD time series. DFA first computes the cumulative sum
of a time series and then splits this sequence into multiple equally sized windows. The cumulative sum is detrended
within each window, and the level of fluctuation is calculated as the root-mean-square deviation (RMS) across
windows. This process is then repeated across a range of timescales (window sizes), and scaling rules are estimated
as the slope (in a log-log plot, G and H) with which the RMS grows with increasingly long timescales. The method
used here assumes the presence of two distinct scaling regimes (red and blue lines) and identifies the “crossover”
point where scaling behavior changes (vertical dotted line). In some brain areas, fluctuations scale consistently
across a relatively narrow range of shorter timescales (G), while other areas exhibit consistent scaling behavior
through longer timescales (H). Note that for illustration purposes we have expressed crossover points here in terms
of their actual timescale, rather than as a percentile of all timescales (as in Fig. S2). Time series visualized above were
selected by identifying regions with the maximum and minimum value of each feature from a randomly chosen
participant. e (as in 1/e and e*) is Euler’s number, the base of the natural logarithm.
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Figure S2: Distributions of group-median feature values across 400 cortical ROISs.

Features are grouped based on their loading on the first two principal components (gradients), and colored by their
cluster membership from Figure 1. Readers are directed to Table 1 for a mapping between feature names (used here
and in Fig. S3, and taken directly from the catch22 code) and feature descriptions (used elsewhere in the paper).

Identifying gradients of intrinsic brain dynamics

To formally model the low-dimensional structure observed in our clustering results, we used
principal components analysis (PCA) to identify a small number of “gradients” which capture
common axes of variation among the 22 time series features. Each principal component defines
a gradient, which consists of a spatial map (the PC scores for each brain area; Fig. 4B/D) and a
set of feature loadings (Fig. 4A/C). The PC score for each cortical area is a weighted linear
combination of the original 22 features, while feature loadings quantify the magnitude and
direction with which each feature contributes to variation along the gradient. Feature loadings
range from -1 to 1, and are equivalent to the correlation between each feature and the gradient
axis defined by the principal component. In this way, the gradients identified via PCA allow us
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to concisely describe and visualize how high-dimensional time series phenotypes vary across
the cerebral cortex, while providing a direct mapping between the 22 time series features and a
low-dimensional subspace of intrinsic brain dynamics. This approach is analogous to other
recent studies which have used gradients to gain insight into diverse aspects of brain
organization, including patterns of whole-brain functional connectivity (Margulies et al., 2016),
cortical depth-dependent myelination (Paquola et al., 2019), gene expression (Burt et al.,
2018), and the distribution of neurotransmitter receptors (Froudist-Walsh et al., 2021).

We used two complementary methods to determine the appropriate number of principal
components to keep (and thus the number of gradients). First, we used 10-fold cross-validation
(Bro et al., 2008; Krzanowski, 1987; Stacklies et al., 2007) to identify the dimensionality at
which the PCA model most accurately predicted the dynamics of held out regions (Fig. 3A).
Second, we generated 1000 surrogate null data sets in which the values for each feature had
been randomly permuted across brain areas, and tested whether the proportion of variance
explained by each component in the real data was significantly greater than in the surrogate
data (Fig. 3B). This permutation testing approach (Camargo, 2022; Peres-Neto et al., 2003,
2005; Vitale et al., 2017) was also used to evaluate the significance of feature loadings (Fig. S3).
We found that cross-validation error was minimized with two principal components, and that
the first two PCs each explained significantly more variance (PC 1: 50.09%, PC 2: 11.85%) than
expected under the null (p = 0.001 for both PCs). Together, these results suggest that regional
differences in time-series phenotype can be well described by variation along just two spatial
axes. We refer to these axes as the primary and secondary gradients of intrinsic brain dynamics.
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Figure 3: Intrinsic regional brain dynamics vary along two principal axes.

We used principal components analysis (PCA) to identify axes of variation (“gradients”) which best explain regional
differences in intrinsic brain dynamics as characterized by the 22 time series features. We used two complementary
methods to determine the number of gradients to keep. (A) Cross-validation error is minimized with two principal
components. Each data point is the average error (Predicted Residual Sum of Squares; PRESS) from one of 100
iterations of 10-fold cross-validation across regions. (B) The first two principal components also explain
significantly more variance than expected under the null (p = 0.001 for PCs 1 and 2; p > 0.99 for all other PCs). Red
diamonds indicate the proportion of variance explained (VE) by each component in the observed data. Gray boxes and
whiskers show the null distribution of VE from 1000 random permutations of feature values across regions. In both
panels, boxes cover the interquartile range, with the median indicated by a horizontal line. Whiskers extend 1.5 IQR
above and below the 75th and 25th percentiles, respectively.
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Figure S3: Permutation testing of feature loadings.

Features with significant loadings on each gradient were identified by comparing the observed loadings (red
diamonds) to loadings from 1000 surrogate null data sets generated by randomly permuting feature values across
brain areas (gray box plots). Black asterisks indicate loadings for which p™® < 0.05. Boxes and whiskers are as
described in the caption for Figure 3. Readers are directed to Table 1 for a mapping between feature names (used here
and in Fig. S2, and taken directly from the catch22 code) and feature descriptions (used elsewhere in the paper).

The primary gradient effectively acts to summarize and collapse across multiple features
sensitive to regional variation in the autocorrelation properties of regional BOLD time series
(Fig. 4A; Fig. S3, left). Specifically, features which load positively on the primary gradient
produce larger values for time series with higher levels of autocorrelation, while the opposite is
true for features with negative loadings. As such, higher scores on the primary gradient reflect
longer timescales (i.e. more gradually decaying autocorrelation; Fig. 2A), while lower scores
reflect shorter timescales (i.e. more rapidly decaying autocorrelation; Fig. 2B). Scores on the
primary gradient are generally higher in posteromedial areas and much of the lateral surface of
the cortex, and generally lower in medial and inferior temporal and occipital areas, the insula
and operculum, orbitofrontal cortex, the dorsal cingulate and paracentral lobule. The primary
gradient peaks (longest timescales) in the inferior parietal lobule, middle and superior frontal
gyrus, and posteromedial cortex, while the lowest scores (shortest timescales) can be found in
the medial temporal lobe, orbitofrontal cortex, and dorsal cingulate.
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In contrast to the primary gradient—which captures shared variation among features sensitive
to the same underlying time series property (autocorrelation)—the secondary gradient is
characterized by significant loadings from features sensitive to multiple different aspects of
intrinsic dynamics: the timing of extreme events, the symmetry of successive differences, and
the crossover point between scaling regimes (Fig. 4C; Fig. S3, right). Scores on the secondary
gradient are generally lower in transmodal association areas (i.e. the majority of the frontal
lobe, cingulate and posteromedial cortex, inferior parietal lobule, insula/operculum, medial and
lateral temporal cortex) generally higher in sensory and motor regions (i.e. medial and lateral
occipital cortex, occipitotemporal cortex, superior temporal gyrus, central sulcus and
postcentral gyrus), and are highest in ventral aspects of the central sulcus (Fig. 4D). As such, the
axis of the secondary gradient appears to closely follow well established anatomically and
functionally defined cortical hierarchies (Burt et al., 2018; Hilgetag & Goulas, 2020; Margulies et
al., 2016; M. Mesulam, 2000; M. M. Mesulam, 1998).
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Figure 4: Primary and secondary gradients of intrinsic brain dynamics.

Feature loadings (A/C) describe the magnitude and direction (correlation) of the relationship between each of the 22
time series features and the gradients identified via PCA, while spatial maps of PC scores (B/D) provide a visualization
of how these features vary across the brain. The primary gradient is defined by features sensitive to the
autocorrelation properties of intrinsic brain dynamics (A) and peaks in the inferior parietal lobule, middle and
superior frontal gyrus, and posteromedial cortex (B). These regions exhibit longer timescales (higher
autocorrelation) than regions with lower scores on the primary gradient. (C) In contrast, the secondary gradient is
characterized by features sensitive to the timing of extreme events, the symmetry of successive differences, and the
multifractal scaling properties of regional BOLD time series. (D) Scores on the secondary gradient broadly distinguish
between sensorimotor areas (higher scores) and transmodal association regions (lower scores). Colored bars on the
right side of panels A and C indicate time series features assigned to one of the four clusters from Figure 1, while
asterisks indicate features with significant loadings as determined through permutation testing.

Feature loadings suggest that the secondary gradient captures information about the dynamics
the BOLD signal at both very short (i.e. volume-to-volume; MCSD) and very long timescales (i.e.
over the course of an entire scan; timing of extreme events), as well as how dynamics differ
across timescales (multifractal DFA). However, whereas building an intuition about the
relationship between PC scores and underlying dynamics was relatively straightforward for the
primary gradient (i.e. higher PC scores indicate longer timescales), two factors make this
process significantly more difficult for the secondary gradient. First, whereas the primary
gradient effectively acts to collapse across a set of highly similar features and preserves their
existing common axis of variation, the secondary gradient captures shared variance among a
more heterogeneous set of features. As a result, most feature loadings on the secondary
gradient are weaker than those for the primary gradient, and thus the PC scores are less
informative about each individual feature (and vice-versa)3. Second, the three features which
load most strongly on the secondary gradient all produce values which must be interpreted
relative to zero. For these features, it is not enough to know simply that one region produces a
higher value than another. For example, given two time series A and B, an observation that A
has a higher mean cubed successive differences (MCSD) than B could reflect five qualitatively
different scenarios: 1) MCSD is positive for both A and B, 2) MCSD is negative for both A and B,
3) MCSD is positive for A but negative for B, 4) MCSD is positive for A but near zero for B, 5)
MCSD is near zero for A but negative for B. These five scenarios are meaningfully different
because positive, negative, and zero values of MCSD indicate qualitatively different kinds of
dynamics (i.e. asymmetry towards sudden large increases, asymmetry towards sudden large
decreases, or a symmetric distribution of cubed successive differences). The same issue arises
for the two measures which characterize the timing of extreme events. These three
“zero-anchored” features do not pose any particular challenge when working directly with the
“raw” feature values, but complicate the interpretation of PC scores on the secondary gradient.
Specifically, because feature values must be mean centered prior to PCA (and because PC scores
are a weighted sum of multiple features), a positive PC score does not necessarily indicate a
positive raw feature value, even for features which exhibit a significant positive correlation
(positive loading) with the gradient axis. As such, scores on the secondary gradient do not on

3 For example, gradient scores explain 96.6% of variance in the feature with the strongest loading on the
primary gradient, but only 67.2% of variance for the equivalent feature on the secondary gradient (a

difference of almost 30%).
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their own provide sufficient information to qualitatively characterize the timing of extreme
events or the symmetry of successive differences.

In light of the challenges to direct interpretation posed by zero-anchored features and weaker
loadings, we visualized the “raw”* group-level maps for each feature with a significant loading
on the secondary gradient and used these maps to help inform our understanding of how
gradient scores relate to the underlying dynamics. This revealed that the majority of regions
with a positive score on the secondary gradient (i.e. sensory and motor areas) exhibit a tendency
for extreme events to occur more frequently towards the end of the resting scan (i.e. a positive
value on the extreme event measures), while only a handful of regions with the most strongly
negative scores (located in the medial and lateral frontoparietal networks) exhibit the opposite
tendency (Fig. S4 B/C). Similarly, while almost all cortical areas exhibit a tendency towards
sudden decreases and more gradual increases (i.e. negative MCSD), this asymmetry is notably
stronger in areas with the very highest gradient scores (central sulcus and postcentral gyrus;
Fig. S4D). These areas are also distinguished from the rest of the brain by an earlier crossover
between scaling regimes, while a subset of areas with negative gradient scores (primarily in the
medial frontoparietal and midcingulo-insular networks) exhibit consistent scaling behavior
through longer timescales (Fig. S4E).

4 Residualized relative to ROI volume, but not z-scored or mean centered.
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Figure S4: Secondary gradient and associated features.
(A) Secondary gradient. (B) Timing of extreme events above the mean. (C) Timing of extreme events below the mean.
(D) Mean cubed successive differences. (E) Crossover timescale from a multifractal DFA.

Following the principle of parsimony (i.e. that one should seek the simplest explanation that fits
the data), we hypothesized that the two extreme event measures (and thus much of the
variance in the secondary gradient) might reflect more general nonstationarities in the
distribution of time series values. To evaluate this hypothesis, we split the resting scan into
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multiple shorter windows (100 time points per window, with 50 time points of overlap between
windows), and computed the standard deviation (SD) and kurtosis (K) of each regional time
series within each window. This sliding window analysis produced a series of 23 SD and K values
for each cortical area. We then fit a linear trend to these series, and used the slope of this trend
to characterize how SD and K change over the course of the resting scan. We refer to these
trends as mg, and mg, respectively. As predicted, we found that mg, and mg were highly
correlated with each other (r = 0.89), as well as with both the extreme event measures (r > 0.82)
and scores on the secondary gradient (mgp: r = 0.74; mg: r = 0.77) (Fig. S5). These results indicate
that mgp and my explain almost as much variance in scores on the secondary gradient (mgp: r* =
0.55; mg: 1’ = 0.62) as the extreme event measures (r* = 0.66, r* = 0.67), roughly the same
amount of variance as MCSD (r* = 0.52), and substantially more variance than crossover
timescale (r* = 0.32). The strength of these associations is particularly notable because while the
extreme events measures, MCSD, and crossover timescale are necessarily correlated with the
secondary gradient (i.e. because their values contribute directly to the gradient scores), no such
circularity exists for mg, and my. All of these relationships replicate in the validation sample
(Fig. S6).

Secondary gradient

—Timing of extreme events above the mean
-0.29 -0.3  -Timing of extreme events below the mean
2025 -0.3  —Kurtosis trend

-0.26  —Standard deviation trend

—Mean cubed successive differences

Proportion of slower timescale fluctuations that scale with DFA (50% sampling)

Figure S5: Correlation of mg, and my with the secondary gradient and associated features.
The value in each cell is the Pearson correlation coefficient, which is equivalent to PCA feature loading.

As with the frequency of extreme events, the standard deviation and kurtosis of intrinsic brain
activity tends to increase in most cortical areas over the course of the resting scan, but the
magnitude of these increases is greatest in sensorimotor areas (Fig. S7, A/B). Similarly, only a
small number of brain areas (particularly in the medial frontoparietal network) decrease their
standard deviation and kurtosis over time. As such, these results allow us to (to some extent)
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re-frame and simplify our interpretation of scores on the secondary gradient in terms of
familiar statistical features and how they change over time.

- o
-02 0.0 02 ~0.0250.000 0.025 0.050 0.075 0.100
Standard Deviation Trend Kurtosis Trend

Figure S7: Trend of sliding-window standard deviation (mgp; A) and kurtosis (mg; B).

Together, the results of our gradient analysis suggest that multidimensional time series
phenotypes can be modeled as varying along two spatial axes, each of which is defined by
regional differences in distinct aspects of intrinsic brain dynamics. Scores on the primary
gradient reflect the autocorrelation properties (timescale) of regional BOLD dynamics, while
scores on the secondary gradient capture the degree to which the variance and kurtosis of
intrinsic brain activity tend to increase or decrease over the course of the resting scan, as well as
the symmetry of moment-to-moment increases and decreases in the BOLD signal, and the
fractal scaling behavior of these fluctuations. We found nearly identical gradients in the
validation sample, both in their pattern of feature loadings and the topography of PC scores
(Fig. S8). Having identified these gradients and characterized their spatial and temporal
properties, we sought to quantitatively evaluate their relationship with other features of
large-scale cortical organization.

Gradients follow anatomical and connectomic hierarchies

Anatomical markers of cortical hierarchy: Tiw/T2w MRI and cortical thickness

Anatomical hierarchies within the cerebral cortex have historically been defined based
primarily on regional differences in microarchitecture (e.g. (M. Mesulam, 2000; von Economo &
Koskinas, 1925)). While post-mortem histology remains the gold standard for mapping these
features (Amunts et al., 2013, 2020; Amunts & Zilles, 2015), recent work suggests that measures
derived from high-resolution structural MRI may serve as non-invasive proxies for many
aspects of cortical microstructure, including intracortical myelin content, laminar

61


https://paperpile.com/c/yvbzFC/ImAD+yvmgg
https://paperpile.com/c/yvbzFC/ImAD+yvmgg
https://paperpile.com/c/yvbzFC/ZDswO+MDQDT+lhyqs

differentiation, the proportion of feed-forward vs. feed-back inputs to a region, and levels of
recurrent excitation gene expression (Burt et al., 2018; Glasser & Van Essen, 2011; Gomez et al.,
2019; Wagstyl et al., 2015, 2020; Whitaker et al., 2016). Of these measures, the ratio of Tiw to
T2w MRI signal (Tiw/T2w) has been shown to be negatively correlated with anatomical
hierarchies (Burt et al., 2018; Gomez et al., 2019), while cortical thickness shows the opposite
relationship and increases along sensory processing hierarchies (Burt et al., 2018; Gomez et al.,
2019; Wagstyl et al., 2015, 2020). To investigate how different aspects of intrinsic brain
dynamics relate to these hierarchies, we calculated the Spearman correlation (r,) between
group-average maps of these two complementary anatomical measures and scores on the
primary and secondary gradient. Because spatial autocorrelation can artificially inflate
measures of association when comparing brain maps (Alexander-Bloch et al., 2018), we
evaluated the significance of these and all other effects using non-parametric permutation
testing and a spatial null model (Burt et al., 2020).
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Figure 5: The secondary gradient of intrinsic dynamics follows anatomical markers of cortical
hierarchy.

To investigate the relationship between intrinsic brain dynamics and anatomical hierarchies, we computed the
Spearman correlation between the PC scores for each gradient and two non-invasive proxies for cortical
microstructure, Tiw/T2w MRI (A) and cortical thickness (D). The primary gradient did not show a significant
relationship with either measure (B/E), while the secondary gradient was significantly correlated with both Tiw/T2w
(C) and cortical thickness (F). Asterisks indicate correlations which are significant at FDR g < 0.05.

Scores on the primary gradient were not correlated with Tiw/T2w (r; = 0.080, Pyerm' % = 0.8018;
Fig. 5B), nor were they significantly correlated with cortical thickness (r, = —0.298, Py * =
0.2706; Fig. 5E). In contrast, the secondary gradient showed a significant positive correlation
with Tiw/T2w (r; = 0.478, Pperm *~ = 0.0020; Fig. 5C), and a significant negative correlation with
cortical thickness (r; = —0.398, Py’ "% = 0.0472; Fig. 5F). Given the lack of a significant
association between the primary gradient and either anatomical measure, we used confidence
intervals to formally compare correlations (Zou, 2007). This revealed that the correlation
between Tiw/T2w and the secondary gradient was significantly stronger than between
Tiw/Tw2 and the primary gradient (Ar; 95% CI = [0.36 — 0.63]). The strength of association
with cortical thickness did not differ significantly between gradients (Ar; 95% CI = [-0.04 —
0.24]), but the secondary gradient was more strongly correlated with Tiw/T2w than cortical
thickness (Ar; 95% CI = [0.09 — 0.27]). These results fully replicated in the validation sample
(Fig. S9), and suggest that regions at lower levels of anatomically defined cortical hierarchies
(i.e. areas with high Tiw/T2w signal or low cortical thickness) tend to exhibit greater increases
in variance and kurtosis over the course of a resting scan than higher-order areas. In contrast,
the timescale of intrinsic BOLD activity does not appear to vary systematically along these
hierarchies.

Topological hierarchies in the structural and functional cortical connectome

In addition to variation in local anatomical features, brain areas can differ greatly in their
inter-regional connectivity. Arguably the most fundamental way to characterize the
connectivity of a brain area is to simply count how many other areas it connects to, and how
strong those connections are. This measure, known as “strength” (or weighted degree) can be
used to identify connectomic hierarchies which distinguish topologically central “hub” areas
from less widely connected peripheral regions (Bullmore & Sporns, 2009; Rubinov & Sporns,
2010; van den Heuvel & Sporns, 2013). Large-scale brain connectivity is most often estimated
based on the correlation between regional time series (functional connectivity) or the number
of diffusion tractography streamlines connecting each pair of regions (structural connectivity).
These two modalities offer complementary perspectives on large-scale brain connectivity, with
functional connectivity capturing patterns of coordinated activity which are shaped by the
underlying scaffold of direct axonal connections measured by structural connectivity. As such,
we estimated the strength of each brain area based on both its functional and structural
connectivity to other cortical regions, and assessed the extent to which these measures of
connectomic hierarchy were related to scores on the primary and secondary gradient.

We found that the primary and secondary gradients were differentially related to functional and
structural connectivity strength. Functional connectivity strength (Fig. 6A) was uncorrelated
with the primary gradient (r; = 0.096, Dy ® = 0.7169; Fig. 6B), but showed a significant
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positive correlation with the secondary gradient (r;= 0.560, Py < = 0.0005; Fig. 6C). Structural
connectivity strength (Fig. 6D) exhibited the opposite relationship, showing a significant
positive correlation with the primary gradient (r, = 0.340, DPpern’ % = 0.0005; Fig. 6E) but no
correlation with the secondary gradient (r, = 0.097, Pper * = 0.3630; Fig. 6F). The correlations
between connectivity strength and gradient scores were significantly different both between
modalities for each gradient (PC1: Ar; 95% CI = [0.10 — 0.38]; PC2: Ar, 95% CI =[0.33 — 0.59])
and between gradients for each modality (FC: Ar,95% CI = [0.33 — 0.59]; SC: Ar;95% CI = [0.09
— 0.39]). These effects fully replicated in the validation sample (Fig. S10).
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Figure 6: Gradients exhibit distinct relationships with functional and structural connectivity

strength.

Functional connectivity strength (A) is uncorrelated with the primary gradient (B), but shows a significant positive
correlation with the secondary gradient (C). In contrast, structural connectivity strength (D) shows a significant
positive correlation with the primary gradient (E), but is uncorrelated with the secondary gradient (F). Asterisks
indicate correlations which are significant at FDR q < 0.05.

Our observation that scores on the primary gradient are positively correlated with structural
connectivity strength is consistent with the results of a prior study by our group (Chapter 1), in
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which we also found an association between BOLD timescales and measures of regional network
topology which consider the modular community structure of human brain networks. As such,
we additionally computed the within-module degree (WD) and participation coefficient (PC)
(Guimera & Amaral, 2005; Guimera & Nunes Amaral, 2005) of each cortical area relative to the 7
functional networks identified by (Yeo et al., 2011). Within-module degree quantifies the extent
to which each region exhibits widespread connectivity to other areas in the same network
module, while accounting for differences in module size. In contrast, participation coefficient
characterizes the degree to which a region’s connections are concentrated within its own
module (values approaching zero) or diversely distributed across multiple modules (values
approaching 1). As with strength, we calculated these measures based on both functional
connectivity and structural connectivity.

Functional Connectivi

Structural Connectivity
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Figure 7: Relationship between gradient scores and within-module degree.
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Within-module degree (z-scored) computed based on functional connectivity (A) showed a significant positive
correlation with scores on the primary gradient (B), but was not correlated with scores on the secondary gradient (C).
In contrast, within-module degree computed based on structural connectivity (D) exhibited a significant correlation
with scores on both the primary (E) and secondary gradient (F). Asterisks indicate correlations which are significant
at FDR q < 0.05.
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We found a significant positive correlation between the primary gradient and FC within-module
degree (r;= 0.363, Dpern' * = 0.0005; Fig. 7B), but no relationship between FC WD and scores on
the secondary gradient (r, = 0.084, Pperm * = 0.3630; Fig. 7C; Ar; 95% CI = [0.13 — 0.42]). In
contrast, SC within-module degree exhibited a significant positive correlation with both the

primary (r;= 0.226, Py < = 0.0067; Fig. 7E) and secondary gradient (r;= 0.174, Pperm' "

=0.0363;

Fig. 7F). These relationships replicated in the validation sample for the primary gradient, but
not for the secondary gradient (Fig. S11).

Functional connectivity participation coefficient was not correlated with either gradient
(primary gradient: r; = —0.086, Dperm' " = 0.4646; secondary gradient: r; = —0.031, Pperm * =
0.8018; Fig. 8B/C), while structural connectivity PC was positively correlated with the primary
gradient (r;= 0.273, Pperm' = 0.0051; Fig. 8E) but uncorrelated with the secondary gradient. (r,=
0.015, Pperm’ % = 0.8611; Fig. 8F; Ar, 95% CI = [0.11 — 0.40]). These effects fully replicated in the
validation sample (Fig. S12).
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Figure 8: Relationship between gradient scores and participation coefficient.

Participation coefficient computed based on functional connectivity (A) was not correlated with scores on either
gradient (B/C). In contrast, participation coefficient computed based on structural connectivity (D) showed a
significant positive correlation with scores on the primary gradient (E), but was not correlated with scores on the
secondary gradient (F). Asterisks indicate correlations which are significant at FDR g < 0.05.

Our results suggest that the primary and secondary gradients exhibit distinct relationships with
topological hierarchies in the structural and functional cortical connectome. Specifically,
cortical areas with long timescales tend to have widespread structural connectivity both in
general (high SC strength) and specifically to other regions in the same functional network
(high SC WD), as well as diverse structural connectivity to regions in other modules (high SC
PC). Long timescale regions also tend to exhibit extensive within-module functional
connectivity (high FC WD), but not necessarily high overall FC strength or diverse FC to other
modules. In contrast, regions with high scores on the secondary gradient do tend to exhibit high
overall FC strength, but do not show replicable associations with structural connectivity
features.

Distinct relationships to local anatomy and inter-regional connectivity

Local circuit properties and patterns of long-range axonal connectivity have both been
associated with regional differences in intrinsic dynamics (Anderson et al., 2020; Baria et al.,
2013; Chaudhuri et al., 2014, 2015; Demirtas et al., 2019; Fallon et al., 2020; Gao et al., 2020;
Gollo et al., 2015; Ito, Hearne, et al., 2020; Li & Wang, 2022; Mahjoory et al., 2020; Sethi et al.,
2017; Watanabe et al., 2019; Wengler et al., 2020). However, our results suggest that the primary
and secondary gradient show distinct relationships with these features. Specifically, Tiw/T2w
and cortical thickness are more strongly correlated with the secondary gradient, while
structural connectivity features (strength, WD, and PC) are more strongly correlated with the
primary gradient (Fig. 9A). These differences are significant for Tiw/T2w, strength, and
participation coefficient. Similarly, the primary gradient shows a significantly stronger
relationship with SC strength and PC than it does with T1iw/T2w, while the secondary gradient
shows a significantly stronger relationship with Tiw/T2w and cortical thickness than it does
with structural connectivity features (Fig. 9B/C). With the exception of the difference in
correlations between Tiw/T2w and SC PC for the primary gradient, all of these effects replicate
in the validation sample (Fig. S13).
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Figure 9: The primary and secondary gradient show distinct relationships to anatomy- and
connectivity-based hierarchies.

(A) To visualize differences in the degree to which each gradient was related to features of regional anatomy and
structural connectivity, we subtracted the absolute value of the correlation between each feature and the primary
gradient from that for the secondary gradient (A r, = |r]] PC2 — |r,| PC1). Structural connectivity features are more
strongly correlated with the primary gradient (negative values of A r;), while anatomical features are more strongly
correlated with the secondary gradient (positive values of A r,). Bars show the 95% CI for the difference in
correlations. (B-C) This distinction can also be seen when comparing effects between features within each gradient.
Panels (B) and (C) plot the difference in effect size between each structural connectivity feature and the two
measures of regional anatomy (e.g. A r,= |r,| SC WD — |r,| Tiw/T2w). Negative values indicate a stronger correlation
with the anatomical feature, while positive values indicate a stronger correlation with each structural connectivity
feature.

Microstructurally defined cortical zones and functionally specialized subsystems

The regional differences in local anatomy and inter-regional connectivity discussed in previous
sections ultimately exist to facilitate functional specialization and the information processing
hierarchies necessary for adaptive behavior and cognition. Because brain function is inherently
dynamic, we hypothesized that regional differences in functional specialization would manifest
as differences in the dynamics of regional brain activity. As such, we sought to investigate how
scores on the primary and secondary gradients differed across regions with different functional
roles.
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One of the simplest and most common ways to describe differences in function across the
cerebral cortex is the distinction between unimodal sensory and motor areas on one hand, and
transmodal association regions on the other. A more nuanced view of this distinction can be
found in the functional zones of the cerebral cortex proposed by Mesulam (M. Mesulam, 2000;
M. M. Mesulam, 1998). Each zone contains cortical regions with similar microarchitecture, and
zones are organized along a sensory-fugal axis which begins in highly differentiated
“idiotypic” primary sensory and motor areas, proceeds through increasingly undifferentiated
unimodal and heteromodal association regions, and ends in paralimbic mesocortex and limbic
allocortex (Fig. 10A). Critically, regions within each cortical zone are similar not only in their
microarchitecture, but also their role within an information processing hierarchy which
transforms low-level sensory features from the external environment into into progressively
more complex (and more abstract) multi-modal internal representations which form the
building blocks of higher order cognition. To investigate how different aspects of intrinsic
dynamics vary along this hierarchy, we used a Welch’s ANOVA to quantify the extent to which
scores on the primary and secondary gradient differ between cortical zones.

We observed a significant main effect of cortical zone for both the primary (F(3, 174.3) = 69.1,
Pperm = 0.0001) and secondary gradient (F(3, 186.9) = 102.1, ppm = 0.0001), and effect sizes
suggest that the two gradients show roughly equivalent levels of differentiation across levels of
the cortical information processing hierarchy (primary gradient: »* = 0.39, secondary gradient:
7 = 0.40). As suggested by the results presented in previous sections, post-hoc pairwise
comparisons (Tables 2 and 3) and visualization of gradient scores across cortical zones (Fig. 10B
and 10C) indicate that the primary and secondary gradients show both similarities and
differences in their pattern of variation along the sensory-fugal axis. Specifically, neither
gradient differs significantly between idiotypic primary sensory and motor areas and unimodal
association regions, while both gradients exhibit significantly different scores in heteromodal
association regions compared to the two earlier cortical zones. However, while scores on the
secondary gradient continue to decrease along the sensory-fugal axis from heteromodal to
paralimbic areas (Fig. 10B), scores on the primary gradient are actually significantly lower in
paralimbic areas than all other cortical zones (Fig. 10C). All of these effects were replicated in
the validation sample (Fig. S14, Tables S1 and S2).
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Figure 10: Gradient scores vary between microstructurally defined cortical zones and functional

connectivity networks.
(A-C) Scores on both the primary and secondary gradient differ significantly between microstructurally defined
zones of the cerebral cortex. Scores on the primary gradient increase from idiotypic and unimodal sensory areas to
heteromodal association regions, but are lower in paralimbic areas than all other cortical zones. In contrast, scores
on the secondary gradient continually decrease along a sensory-fugal axis. (D-F) Scores on the secondary
gradient—but not the primary gradient—differ significantly between functional connectivity networks. Asterisks
indicate a significant main effect.

Table 2: Post-hoc pairwise comparisons of primary gradient scores across cortical zones.

A B mean(A) | mean(B) diff SE T df (D Hedges’ g
Heteromodal | Idiotypic 2170 -0.822 2.991 0.285 10.481 218.359 0.002 1447
Heteromodal | Paralimbic 2170 -4.260 6.429 0.501 12.834 81.491 0.001 2.021
Heteromodal | Unimodal 2170 0.090 2.079 0.329 6.319| 245555 0.021 0786
Idiotypic Paralimbic -0.822 -4.260 3.438 0.488 7038 73786 0.006 1.211
Idiotypic Unimodal -0.822 0.090 -0.912 0.310 -2.945 197.976 0.265 -0.420
Paralimbic | Unimodal -4.260 0.090 -4.350 0.515 -8.444 89.288 0.002 1.362
Table 3: Post-hoc pairwise comparisons of secondary gradient scores across cortical zones.
A B mean(A) | mean(B) diff SE T df P Hedges’ g
Heteromodal | Idiotypic -0739 1.472 -2.211 0179 -12.323 143.416 0.001 1701
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Heteromodal | Paralimbic -0.739 -1.486 0.747 0.146 5103 132.898 0.041 0.804
Heteromodal | Unimodal -0.739 0.568 -1.307 0.163 -8.012 218.388 0.001 -0.996
Idiotypic Paralimbic 1472 -1.486 2.958 0.190 15.588 135.547 0.001 2.681
Idiotypic Unimodal 1.472 0.568 0.905 0.203 4.458 181.277 0.070 0.635
Paralimbic Unimodal -1.486 0.568 -2.054 0174 -11.776 165.747 0.001 -1.900

Within each level of the cortical information processing hierarchy, brain areas can be further
differentiated based on their participation in functionally specialized subsystems which support
different aspects of cognition and behavior (e.g. visual processing, selective attention, working
memory and executive control). To evaluate whether intrinsic dynamics differ between these
subsystems, we compared gradient scores across seven large-scale functional connectivity
networks ((Yeo et al.,, 2011); Fig. 10D) which have previously been shown to recapitulate
assemblies of regions which co-activate during task engagement and stimulus processing, and
which are differentially engaged across cognitive domains (Bertolero et al., 2015; Cole et al,,
2014; Crossley et al., 2013; Krienen et al., 2014; Smith et al., 2009). We observed a significant
main effect of functional network for scores on the secondary gradient (F(6, 145.9) = 86.5, Pperm =
0.0001), and this effect appears to be driven by differences in dynamics between rather than
within levels of the sensory-fugal information processing hierarchy (Fig. 10F). Specifically,
post-hoc tests (Table 4) revealed that secondary gradient scores were significantly higher in the
occipital and pericentral networks than in the limbic, midcingulo-insular, medial and lateral
frontoparietal networks. The four “higher order” networks (M-CIN, L-FPN, M-FPN, and LN)
also tended to have lower scores than the dorsal frontoparietal network; this effect was
significant for the L-FPN and M-FPN, and was of comparable size for the LN and M-CIN
(Hedges’ g > 1.6 for all four networks). In contrast, scores on the secondary gradient did not
differ significantly between these four networks, nor between the three “lower order” networks
(ON, PN, and D-FPN), and the effect sizes for pairwise differences within each set of networks
were on average 6 times smaller than those between higher order and lower order networks (Fig
S15). The main effect of functional network and the majority pairwise differences replicated in
the validation sample (Figs. S14/S17, Table S3). We did not observe a significant main effect of
functional network for scores on the primary gradient (F(6, 141.3) = 27.1, Pperm = 0.0601), and the
effect we did observe was 70% smaller than that for the secondary gradient (primary gradient:
7’ = 0.35, secondary gradient: »* = 0.59), suggesting that functional networks are better
differentiated along the secondary gradient than the primary gradient.
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Table 4: Post-hoc pairwise comparisons of secondary gradient scores across functional networks.

A B mean(A) mean(B) diff se T df Pperm Hedges’ g

D-FPN L-FPN 0.691 -1.080 1771 0192 9.232 75.044 0.036 1.854
D-FPN Limbic 0.691 -1.309 2.000 0.239 8.354 61.957 0.068 2.028
D-FPN M-CIN 0.691 -0.955 1.646 0.209 7.863 85.997 0.082 1.617
D-FPN M-FPN 0.691 -1152 1.842 0.196 9.382 84.293 0.033 1.688
D-FPN Occipital 0.691 1.239 -0.549 0.218 -2.521 97153 0.569 -0.489
D-FPN Pericentral 0.691 1721 -1.031 0.219 -4713 104.565 0.297 -0.873
L-FPN Limbic -1.080 -1.309 0.229 0.201 1142 41,690 0.788 0.272
L-FPN M-CIN -1.080 -0.955 -0125 0163 -0.765 88.253 0.873 -0153
L-FPN M-FPN -1.080 -1152 0.071 0146 0.486 135.458 0.916 0.084
L-FPN Occipital -1.080 1.239 -2.319 0174 -13.338 103.523 0.004 -2.500
L-FPN Pericentral -1.080 1721 -2.802 04175 -15.984 123.615 0.001 -2.852
Limbic M-CIN -1.309 -0.955 -0.354 0.217 -1.629 51798 0.691 -0.394
Limbic M-FPN -1.309 -1152 -0158 0.205 -0.770 45904 0.871 -0.170
Limbic Occipital -1.309 1.239 -2.549 0.225 -11.31 58.809 0.006 -2.626
Limbic Pericentral -1.309 1721 -3.031 0.226 -13.388 61.612 0.004 -3.014
M-CIN M-FPN -0.955 -1152 0.196 0169 1163 105.555 0.784 0.208
M-CIN Occipital -0.955 1.239 -2194 0193 -11.368 105.850 0.006 -2.191
M-CIN Pericentral -0.955 1721 -2.677 0194 -13.778 119.520 0.002 -2.5635
M-FPN Occipital -1152 1.239 -2.391 04179 -13.363 121.493 0.004 -2.200
M-FPN Pericentral -1152 1721 -2.873 0180 -15.939 145.919 0.001 -2.457
Occipital Pericentral 1.239 1721 -0.482 0.203 -2.373 134.467 0.596 -0.405
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Figure S15: Pairwise differences in secondary gradient scores between functional networks.

Effect sizes for pairwise comparisons between the four “higher order” (limbic, mid-cingulo insular, medial and
lateral frontoparietal) and three “lower order” (occipital, pericentral, and dorsal frontoparietal) networks were
uniformly higher (on average 6 times higher) than comparisons within each group.

Situating cortical areas in a low-dimensional subspace of intrinsic brain dynamics

In previous sections, we sought to characterize the relationship between the dynamical
properties captured by each gradient and multiple other features of cortical anatomy,
connectivity, and function. However, just as no individual feature (or cluster of similar behaving
features) is sufficient to describe the myriad ways in which intrinsic dynamics vary across the
cortex, neither is either gradient in isolation. Instead, a more complete picture of regional
variation in intrinsic dynamics requires considering both gradients simultaneously. To this end,
we can use the gradient axes to construct an embedding space in which the location of each
brain area depends on its score on each of the two gradients. By definition, the principal
components used to define each gradient provide a low-dimensional representation of the 22
time series features, and as such allow us to project multidimensional time series phenotypes
onto just two spatial dimensions (Fig. 11). We can then color each point (region) in this space
based on its cortical zone (Fig. 11A) or functional network membership (Fig. 11B). These
visualizations reveal that time series phenotypes are not uniformly distributed throughout the
embedding space, but rather appear to sit between three poles, each of which is located at the
extreme of one or both gradients. The first of these poles is located at the top of the secondary
gradient and the middle of the primary gradient. Idiotypic and unimodal cortical areas in the
occipital (visual) and pericentral (somatomotor) networks tend to cluster towards this pole. The
second pole is located at the top of the primary gradient and the bottom of the secondary
gradient. Regions near this pole tend to be heteromodal association areas and belong to the
medial and lateral frontoparietal networks, as well as the midcingulo-insular network. The
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third pole is located at the bottom of both gradients, and is anchored by limbic and paralimbic
cortical areas. These results suggest that regions with different functional properties tend to sit
in different parts of the subspace.
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Figure 11: Defining a low-dimensional subspace of intrinsic brain dynamics.

(A-B) Plotting the two gradients against each other allows us to define a low-dimensional embedding space in which
the location of each brain region depends on its multidimensional time series phenotype. This novel subspace
facilitates comparison between brain areas based on multiple aspects of their intrinsic dynamics, and reveals how
these dynamics differ within and between cortical zones and functional networks. (C) We can also color each brain
area based on its angle (hue) and distance (saturation) from the center of the embedding space (i.e. a score of zero on
both gradients). (D) Colors from C projected onto the cortical surface facilitate visualization of how multidimensional
time series phenotypes vary across the brain.

As an alternative to coloring each data point in an embedding plot based on some other feature
of brain organization (e.g. cortical zone or functional network membership, as in Fig. 11A and
11B), we can instead color each brain area based on its location within the low-dimensional
subspace (Fig. 11C), thus effectively “color coding” time series phenotypes. By projecting these
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colors onto the cortical surface (Fig. 11D), we can visualize the spatial organization of
multidimensional time series phenotypes. This approach has previously been used to visualize a
variety other of high-dimensional features of cortical organization, including patterns of
whole-brain functional connectivity (Margulies et al., 2016), the content of semantic
representations (Huth et al.,, 2016), as well as inter-regional structural connectivity and
microstructural similarity (Paquola et al., 2020).

Discussion

Summary

In a data-driven analysis, we used a time series phenotyping approach to characterize multiple
properties of intrinsic BOLD dynamics, and investigated how these dynamics vary across the
cerebral cortex. We found that a diverse set of time series features vary along a small number of
axes, and used principal components analysis to identify spatial gradients which capture these
patterns of variation. This revealed a primary gradient defined by regional differences in the
autocorrelation properties of BOLD time series, and a secondary gradient which captures the
degree to which variance and kurtosis change over the course of a resting scan. As such,
whereas the primary gradient provides information about the timescale of fluctuations in
intrinsic brain activity, the secondary gradient provides complementary information about the
characteristics of these fluctuations. Further, we find that these gradients are differentially
related to the anatomical and connectomic properties of each cortical area, with the primary
gradient exhibiting a stronger association with topological hierarchies within the structural
connectome, and the secondary gradient showing a stronger association with non-invasive
markers of anatomical hierarchy. Scores on the primary and secondary gradient also differ
between microstructurally defined cortical zones and functional connectivity networks, and can
be used to define a low-dimensional subspace of intrinsic brain dynamics.

The primary gradient captures regional differences in timescale and follows
connectomic hierarchies

In line with a robust and rapidly growing literature suggesting that a hierarchy of timescales is a
key feature of functional brain organization (e.g. (Gao et al., 2020; Hasson et al., 2015; Honey et
al., 2012; Kiebel et al., 2008; Manea et al., 2022; Murray et al., 2014; Raut et al., 2020; Shafiei et
al.,, 2020; Shinn et al., 2021)), the primary gradient identified by our PCA analysis captures
regional variation in the autocorrelation properties of intrinsic brain dynamics. We observed the
longest timescales in heteromodal association areas, intermediate timescales in sensorimotor
areas, and the shortest timescales in paralimbic regions. This overall topography is broadly
consistent with our own past work (Chapter 1), as well work from other groups which has
mapped autocorrelation and related time series properties in the primate brain using BOLD
fMRI (Baria et al., 2013; Fallon et al., 2020; Manea et al., 2022; Miiller et al., 2020; Raut et al.,
2020; Shafiei et al., 2020; Shinn et al., 2021; Watanabe et al., 2019; Wengler et al., 2020). While a
complete review of this literature is beyond the scope of this article, we note that there is
substantial heterogeneity in the literature on BOLD timescales, and future work is needed to
identify the factors driving this variability.
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Our finding that heteromodal association regions exhibit significantly longer timescales than
idiotypic and unimodal sensory areas is in agreement with both theoretical models and
empirical work which suggest that timescales lengthen along sensory processing hierarchies
(Chaudhuri et al., 2015; Hasson et al., 2008, 2015; Honey et al., 2012; Kiebel et al., 2008; Manea
et al., 2022; Murray et al., 2014; Stephens et al., 2013; Wengler et al., 2020). However, it is also
clear that the primary gradient does not follow a ‘canonical’ axis of organization through all
parts of the cerebral cortex. In particular, the fact that we observe the shortest (rather than
longest) timescales in paralimbic regions is not only inconsistent with the notion that
timescales lengthen along a sensory-fugal axis, but also more generally the idea that
transmodal association areas tend to exhibit longer timescales than primary sensorimotor
regions. Notably, the presence of short timescales in paralimbic areas (particularly the
orbitofrontal cortex, subgenual and dorsal cingulate, insula, and medial temporal lobe) is not
unique to the current study, but is in fact one of the most consistently replicated features of
timescale maps estimated from BOLD fMRI (e.g. (Baria et al., 2013; Fallon et al., 2019; Manea et
al., 2022; Miller et al., 2020; Raut et al., 2020; Shafiei et al., 2020; Shinn et al., 2021; Wengler et
al., 2020), see also Chapter 1). Given this topography, it is perhaps unsurprising that we failed to
observe a significant correlation between scores on the primary gradient and either Tiw/T2w
MRI or cortical thickness. These null effects are consistent with the results of other recent
studies which have investigated relationship between BOLD timescales and non-invasive
markers of anatomical hierarchy (i.e. (Shafiei et al., 2020) and (Wengler et al., 2020)?, though
see (Ito, Hearne, et al., 2020)° and (Watanabe et al., 2019)7). In contrast, we found a significant
positive correlation between the primary gradient and multiple features of regional structural
connectivity, and these results replicate findings from multiple prior studies (including the
analyses we present in Chapter 1) which have found an association between BOLD timescales
and topological hierarchies within the structural connectome (Baria et al., 2013; Fallon et al.,
2019; Sethi et al., 2017). More generally, they are consistent with computational and empirical
work which suggests that patterns of inter-regional connectivity play a key role in shaping
cortical timescales ((Chaudhuri et al., 2014, 2015; Gollo et al., 2015; Li & Wang, 2022; Miiller et
al., 2020). Together, our results suggest that BOLD timescales may follow a distinct (and
potentially novel) axis of organization across the cerebral cortex, and that this topography is
more closely associated with regional differences in inter-regional connectivity than it is with
local anatomical properties.

> While Wengler and colleagues did not find a significant correlation between these measures and BOLD timescales
when the relationships were evaluated across the entire cortex, they did observe that BOLD timescales lengthened along
specific auditory and somatosensory (though not visual) hierarchies defined based on Tiw/T2w MRI and cortical
thickness.

¢ Ito et al. report a significant negative correlation between BOLD timescales and Tiw/T2w MRI. However, it should be
noted that the timescale topography they observe departs from (to our knowledge) all other published maps of BOLD
timescales. In particular, they found the longest timescales in the orbitofrontal cortex, medial temporal lobe, and
temporal pole. This discrepancy is especially puzzling considering the fact that Ito et al. analyzed the same dataset used
here (as well as in the studies by Shafiei and Wengler), and even used the same cortical parcellation as Wengler et al.

7 Watanabe et al. observed a significant positive correlation between BOLD timescale and gray matter volume (GMV).
This relationship was found both across cortical areas in group-level maps, as well as across individuals in a subset of
regions. However, it should be noted that while cortical thickness and GMV are conceptually similar, the association
between these measures varies markedly across brain areas, and overall they exhibit only a weak to moderate
correlation (Panizzon et al., 2009; Winkler et al., 2010).
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The secondary gradient follows a sensory-fugal axis and may reflect extrinsic
influences on intrinsic dynamics

In contrast to the somewhat puzzling topography of the primary gradient, the secondary
gradient closely follows a well established sensory-fugal axis of cortical organization. This
topography is clearly visible when inspecting the map of scores on the secondary gradient, and
is further evidenced by the significant correlation between scores on the secondary gradient and
two non-invasive markers of anatomical hierarchy (Tiw/T2w MRI and cortical thickness), as
well as significant differences in gradient scores between microstructurally defined cortical
zones. The secondary gradient is also associated with a hierarchy within the cortical functional
connectome, with topologically central areas tending to exhibit higher scores than more
peripheral regions. However, while our results suggest that the topography of the secondary
gradient does reflect regional differences in anatomy and function, the dynamics underlying
this topography are likely better understood in terms of a distributed process occuring at the
level of the individual participant. In particular, scores on the secondary gradient can be
described in terms of extent to which distributional properties (i.e. variance and kurtosis) tend
to increase or decrease over the course of the resting scan. In the same way that the statement
“brain area X tends to increase its activity” is largely meaningless without information about
the context in which that increase occurs, so too is our observation of spatially heterogeneous
changes in variance and kurtosis. As such, we hypothesize that the dynamics underlying the
secondary gradient may result from the scanning experience itself, and specifically fluctuations
in cognitive state and/or level of arousal.

In the absence of external task demands (such as during a “resting” fMRI scan), the contents of
cognition shift away from the external world and towards internal representations (Christoff et
al., 2016; Smallwood, 2013; Smallwood & Schooler, 2015). This transition from stimulus-related
to stimulus-independent thought is accompanied by reduced processing of external stimuli and
reduced activity in sensorimotor areas, but increased or sustained activity in a wide range of
transmodal association regions (Baird et al., 2014; Benedek et al., 2016; Christoff et al., 2009;
Cohen et al., 2022; K. C. R. Fox et al., 2015; Kam et al., 2011; C. Murphy et al., 2018, 2019; Schooler
et al., 2011; Smallwood et al., 2008, 2021; Turnbull et al., 2019). Quiet rest is also associated with
greater BOLD variability in most brain areas when compared to periods of active engagement in
an externally oriented task, and the degree to which brain areas increase their variability from
task to rest is spatially heterogeneous (Duff et al., 2008; Gaut et al., 2019; He, 2011; Ito, Brincat,
et al., 2020; Millar et al., 2021; Rieck et al., 2022)8. In particular, a recent study by (Rieck et al.,
2022) found that increases in BOLD variability from task to rest are significantly larger in the
occipital, pericentral, and dorsal frontoparietal networks than in the medial and lateral
frontoparietal networks. Critically, this pattern of results not only mirrors the topography of
scores on the secondary gradient (i.e. highest in sensorimotor areas), but also the dynamics
these scores represent (i.e. increases in variability). More generally, the findings reviewed above
are consistent with our observation that most brain areas increase their variability over time,
while only a subset of regions (located in the medial frontoparietal “default” network) decrease
their variability. As such, we suggest that the dynamics underlying the secondary gradient may
be driven in part by changes in activity and variability associated with gradual shifts in
cognitive state which occur over the course of the resting scan (i.e. decreases in externally
oriented attention and increases in self-generated thought). While tracking the dynamics of

8 See also (Fegen, 2012), who found a negative correlation between BOLD task activation and variability.
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self-generated, stimulus-independent cognition is notoriously difficult, studies using methods
such as experience sampling and thought probes may help to evaluate this hypothesis (Christoff
et al., 2009; Kucyi et al., 2021; Smallwood et al., 2008; Turnbull et al., 2019).

Decreasing arousal and eyelid closures due to fatigue or boredom during scanning offer another
possible explanation for the dynamics underlying the secondary gradient. Like mind wandering,
fluctuations in arousal are common during resting {MRI scans (for recent reviews, see (Gu et al.,
2019; Liu & Falahpour, 2020; Martin et al., 2021)). Levels of arousal tend to decrease over the
course of a scan session, and it is not uncommon for participants to close their eyes or even fall
asleep during scanning (Allen et al., 2018; Laumann et al.,, 2017; Olbrich et al.,, 2009;
Tagliazucchi & Laufs, 2014). Prolonged eyelid closures and periods of low arousal have
consistently been associated with increased BOLD variability relative to wakeful eyes-open rest
(Bianciardi et al., 2009; Fukunaga et al.,, 2006; Horovitz et al, 2008; Jao et al., 2013;
Larson-Prior et al., 2009; McAvoy et al., 2008, 2012; Tagliazucchi & Laufs, 2014; Wong et al,,
2016). Critically, as with the dynamics underlying the secondary gradient, these increases in
variance tend to be largest in sensorimotor areas (Horovitz et al., 2008; Jao et al., 2013; McAvoy
et al, 2008, 2012; Tagliazucchi & Laufs, 2014). As such, it is plausible that the spatially
heterogeneous changes in variance captured by the secondary gradient may be driven by
gradually decreasing arousal and more frequent eyelid closures over the course of the resting
scan. Future studies might directly evaluate this hypothesis through the use of eye tracking,
simultaneous EEG-fMRI, machine learning, or other methods which can provide a continuous
index of arousal during the resting state (Chang et al., 2016; Horovitz et al., 2008; Olbrich et al,,
2009; Tagliazucchi et al., 2012; Tagliazucchi & Laufs, 2014; Wang et al., 2016).

Methodological considerations

The gradients we identify—their loadings, topography, and associations with other features of
cortical organization—are highly similar to those reported by (Shafiei et al., 2020), who
undertook a very similar set of analyses to those we present here, but using a much larger set of
over 6000 time series features. In this way, our results demonstrate that intrinsic BOLD
dynamics can be described using multiple orders of magnitude fewer features than have been
previously used to characterize regional time series phenotypes (Fallon et al., 2020; Markicevic
et al., 2020, 2022; Sethi et al.,, 2017; Shafiei et al., 2020). That said, our results must be
considered in light of the fact that the gradients we identify necessarily reflect the set of
features which define them.

In particular, we caution that our results should not be interpreted as suggesting that
autocorrelation is the time series property which best captures how intrinsic BOLD dynamics
vary across cortical areas. Instead, the fact that autocorrelation features load strongly on the
first principal component (rather than the second) is largely a byproduct of a large number of
features sensitive to the same time series property, and the correlation among these features.
More specifically, the catch22 feature set used here is enriched for measures sensitive to
autocorrelation and temporal dependence (as is the larger HCTSA feature set from which
catch22 is derived), and these features tend to produce correlated results across a wide range of
time series, not just BOLD fMRI data. This can be seen in Figure S19, which visualizes the
correlation between features when catch22 is applied to 1000 diverse time series taken from
multiple different fields (B. Fulcher, 2020). Similarly, a PCA on the resulting 22 x 1000 feature
matrix identifies a first principal component which has significant loadings from 12 of the 14
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features which load significantly on the primary gradient (Fig. S20). Therefore, while the
primary gradient is non-trivial insofar as it captures common structure in how autocorrelation
features vary across the cerebral cortex, the fact that this is identified as the primary axis of
variation is not unique to the case of intrinsic brain dynamics. In contrast, the secondary
gradient does not appear to reflect generic feature dependencies, as features which show a
significant loading on the secondary gradient exhibit only very weak or near-zero correlations
across the 1000 time series (Fig. S19). Likewise, none of the significant principal components
from that dataset have a similar pattern of feature loadings to the secondary gradient (Fig. S20).
As such, the secondary gradient appears to describe non-trivial structure in the relationships
between time series features which may be unique to BOLD fMRI data.

Limitations

This study has at least six limitations. First, while we analyzed fMRI data from two independent
samples, these samples were taken from the same larger dataset. Second, we used the same
structural connectome and maps of Tiw/T2w MRI and cortical thickness in our analysis of both
samples. As such, these analyses are not fully independent. Third, our analysis focused on
group-level estimates of dynamics, anatomy, and connectivity. It is possible that the effects we
observe may not fully generalize to individual participants. Fourth, we used only a single
cortical parcellation and denoising strategy, and our results might differ when using alternative
region definitions or in the absence of global signal regression. Fifth, recent work suggests that
the generative null model we use to account for spatial autocorrelation may not exactly control
the false positive rate (Markello & Misic, 2021). Sixth, as noted above, the gradients we identify
necessarily reflect the features which define them, and the use of additional or alternative
features may produce different results. Our findings should be considered in light of these
limitations.

Supplemental Methods

Resting BOLD fMRI data

We analyzed resting BOLD fMRI data from two independent samples of unrelated healthy young
individuals (ages 21-35) selected from the Human Connectome Project (Van Essen et al., 2013).
Our initial exploratory analysis used data from 95 participants, while our replication analysis
used a validation sample of 87 participants. Both of these samples were selected based on
subject lists provided by (Shine et al., 2016), and all analyses were repeated separately for each
sample. For each individual, we analyzed the first 15 minute resting fMRI scan (TR/TE =
720/33ms, 2mm isotropic voxels) from the first scan session (Smith et al., 2013). We used
minimally preprocessed data (Glasser et al., 2013) provided by HCP which had undergone
ICA-FIX denoising (Griffanti et al., 2014). To further mitigate the potentially confounding
effects of in-scanner head motion (Ciric et al.,, 2017; Parkes et al.,, 2018) and aliased
physiological signals (Tong et al., 2019), we additionally applied global signal regression and a
0.009 to 0.08 Hz bandpass filter.
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Time series phenotyping

Time series features were computed using the ‘catch22’ Python package (Lubba et al., 2019).
Complete details regarding the calculation of each individual feature is beyond the scope of this
article, and readers are encouraged to refer to the original article by Lubba and colleagues, as
well as the catch22 github page® which provides additional information about each feature, as
well as the underlying code. Due to inaccuracies in the feature descriptions provided by Lubba et
al. (which we uncovered during our analysis), some of the feature descriptions used here differ
from those in the original catch22 paper. Sliding-window measures of distributional features
(standard deviation and kurtosis) were calculated using custom Python code with a window size
of 100 volumes and a step size of 50 volumes. Estimates of linear trend (i.e. slope) for these
features were computed by fitting a linear model against time point indices. Given evidence that
ROI volume can bias measures of intrinsic dynamics (particularly those based on
autocorrelation (Afyouni et al., 2019; Fallon et al., 2019; Sethi et al., 2017; Shinn et al., 2021)),
group-level time series features were residualized relative to the number of voxels in each ROI
prior to visualization and further analyses.

Hierarchical clustering

We applied agglomerative hierarchical clustering with a Ward linkage and similarity between
features defined by Euclidean distance. Feature values were z-scored across regions prior to
clustering. Feature clusters were defined based on visualization of the dendrogram and
clustered feature matrix.

Tiw/T2w MRI and cortical thickness

Group average maps of Tiw/T2w MRI and curvature corrected cortical thickness were taken
from the Human Connectome Project 1200 Subjects Data Release (Van Essen et al., 2013).

Functional connectivity

For each participant, we estimated functional connectivity as the strength of Pearson
correlation between the time series of each pair of ROIs. We then applied the Fisher r-to-z
transform to the correlations estimated from each individual before averaging edges across
participants to create a group-level network. Due to uncertainties regarding the interpretation
of negative correlations in studies of functional connectivity (M. D. Fox et al., 2009; K. Murphy
et al., 2009; Rubinov & Sporns, 2010), all edges with negative z-scores were set to zero.

Structural connectivity network construction

We constructed a single structural connectivity network from a publicly available,
expert-curated voxelwise “population-average” atlas of the human structural connectome
(Yeh et al., 2018). This atlas was derived from high-resolution, multi-shell diffusion MRI
images from 842 participants from the Human Connectome Project (Van Essen et al., 2013).
Complete details of how the atlas was produced can be found in (Yeh et al., 2018), but we review

9 https://github.com/DynamicsAndNeuralSystems/catch22
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them briefly here. Images for each participant were transformed to MNI space using q-space
diffeomorphic registration (Yeh & Tseng, 2011), which preserves spins and fiber geometry and
estimates the spin distribution function (SDF) at each voxel. Voxelwise SDFs were averaged
across participants to create a group-average template, after which multiple runs of
deterministic tractography (Yeh et al.,, 2013) were used to estimate 550,000 streamlines
describing connectivity across the entire brain. All streamlines were then reviewed and labeled
by a team of expert neuroanatomists to identify fiber tracts, remove anatomically implausible
(i.e. false positive) connections, and manually seed additional streamlines to identify known
fascicles which were missing from the initial set of connections. The final atlas contains
~145,000 voxelwise streamlines describing the representative white matter connectivity of
cortical and subcortical regions in the human brain. Based on this atlas, we estimated structural
connectivity as the number of streamlines connecting each pair of cortical ROIs. Because the
distribution of streamline counts can be highly skewed and span several orders of magnitude,
we followed the common practice of applying a log transformation to edge weights prior to
subsequent analyses (Fornito et al., 2016).

Cortical zones and functional networks

Cortical ROIs were grouped into one of four cortical zones proposed by (M. Mesulam, 2000; M.
M. Mesulam, 1998) based on a surface map of these zones provided by (Paquola et al., 2019). ROI
assignments were based on the zone which comprised the majority of vertices within each ROI.
Functional network memberships for each ROI were provided by (Schaefer et al., 2018).

Statistical testing

The significance of correlations between gradient scores and other continuous measures (e.g.
cortical thickness, connectivity strength) were evaluated relative to 10,000 surrogate null
gradient maps generated using a spatial-autocorrelation preserving generative model (Burt et
al., 2020). We use the method introduced by (Zou, 2007) for comparing correlations. In this
approach, a confidence interval is computed for the difference in effects while accounting for
dependence (i.e. measures estimated from the same data, such as time series features and
functional connectivity strength) and overlapping variables (e.g. X is overlapping in a
comparison of corry.y and corry.;). If the confidence interval includes zero, we are unable to
reject the null hypothesis for a difference between correlations (and vice versa). The critical
value for computing confidence intervals was corrected for selective inference using the False
Coverage-statement Rate method from (Benjamini & Yekutieli, 2005). Differences in gradient
scores between cortical zones and functional networks were evaluated using a Welch’s ANOVA
to account for unequal sample sizes and variances across zones/networks, and the significance
of the main effect for each model was evaluated relative to a null distribution of F statistics
generated using the same 10,000 surrogate maps used for evaluating the significance of
correlations. For the same reason, we used Games-Howell tests for post-hoc pairwise
comparisons rather than alternatives such as the Tukey HSD. Due to the significant
computational resources required for each permutation test and the large number of pairwise
comparisons, the significance of each pairwise comparison was evaluated to 1,000 rather than
10,000 surrogate maps.
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Supplemental Results
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Figure S1: Clustering results in the validation sample.

Dotted horizontal lines delineate the four feature clusters. Left and right hemisphere regions are separated by the
solid vertical line, while dashed vertical lines delineate functional connectivity networks. Network definitions are
taken from (Yeo et al., 2011) and have been re-labeled using the anatomy-based taxonomy proposed by (Uddin et al.,
2019): ON, occipital; PN, pericentral; D-FPN, dorsal frontoparietal; M-CIN, midcingulo-insular; LN, limbic; L-FPN,
lateral frontoparietal; M-FPN, medial frontoparietal).
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Figure S6: Correlation of mg, and my with the secondary gradient and associated features in the
validation sample.
The value in each cell is the Pearson correlation coefficient, which is equivalent to PCA feature loading.
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Figure S8: Gradient loadings and scores in the validation sample.
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Figure S9: Relationship between gradient scores and anatomical measures in the validation sample.
Asterisks indicate correlations which are significant at FDR q < 0.05. Confidence intervals are for the difference in
effect size between gradients (left column) and between modalities for the secondary gradient (right column).
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Figure S11: Relationship between gradient scores and within-module degree in the validation sample.
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and functional networks (right).

Table S1: Post-hoc pairwise comparisons of primary gradient scores across cortical zones (validation

sample).

A B mean(A) | mean(B) diff SE df Pperm Hedges’ g
Heteromodal | Idiotypic 2.236 -0.922 3158 0.300 10.516 216.677 0.001 1.452
Heteromodal | Paralimbic 2.236 -4.002 6.238 0.508 12.284 83.148 0.001 1.935
Heteromodal | Unimodal 2.236 -0.023 2.260 0.336 6.726 248.388 0.011 0.836
Idiotypic Paralimbic -0.922 -4.002 3.080 0.497 6.198 76.164 0.019 1.066
Idiotypic Unimodal -0.922 -0.023 -0.898 0.319 -2.814 199.627 0.271 -0.401
Paralimbic Unimodal -4.002 -0.023 -3.979 0.519 -7662 89.262 0.003 -1.236

Table S2: Post-hoc pairwise comparisons of secondary gradient scores across cortical zones (validation

sample).

A B mean(A) | mean(B) diff SE df Pperm Hedges’ g
Heteromodal | Idiotypic -0.739 1472 -2.21 0179 -12.323 143.416 0.001 -1.701
Heteromodal | Paralimbic -0.739 -1.486 0.747 0146 5103 132.898 0.041 0.804
Heteromodal | Unimodal -0.739 0.568 -1.307 0163 -8.012 218.388 0.001 -0.996
Idiotypic Paralimbic 1472 -1.486 2.958 0.190 15.588 135.547 0.001 2.681
Idiotypic Unimodal 1472 0.568 0.905 0.203 4.458 181.277 0.070 0.635
Paralimbic Unimodal -1.486 0.568 -2.054 0174 -1.776 165.747 0.001 -1.900

Table S3: Post-hoc pairwise comparisons of secondary gradient scores across functional networks

(validation sample).

A B mean(A) mean(B) diff se df Phem Hedges’ g

D-FPN L-FPN 0.229 -0.623 0.852 0159 5.367 75.329 0.220 1.078
D-FPN Limbic 0.229 -1.590 1.819 0.202 9.015 60.413 0.035 2188
D-FPN M-CIN 0.229 -1.489 1717 0192 8.949 90.991 0.036 1.841
D-FPN M-FPN 0.229 -1.039 1.268 0163 7782 85.351 0.068 1.400
D-FPN Occipital 0.229 1.881 -1.652 0.227 -7.292 102.924 0.093 -1.414
D-FPN Pericentral 0.229 1468 -1.240 0.202 -6.124 117.997 0158 -1134
L-FPN Limbic -0.623 -1.590 0.967 0171 5.667 40709 0193 1.348
L-FPN M-CIN -0.623 -1.489 0.865 0159 5.448 76771 0.209 1.088
L-FPN M-FPN -0.623 -1.039 0.416 0122 3.403 135.912 0.435 0.588
L-FPN Occipital -0.623 1.881 -2.504 0199 -12.561 83151 0.004 -2.355
L-FPN Pericentral -0.623 1.468 -2.092 0171 -12.203 113.350 0.006 -2177
Limbic M-CIN -1.590 -1.489 -0.101 0.202 -0.503 60.819 0.928 -0.122
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Limbic M-FPN -1.590 -1.039 -0.551 0175 -3155 44952 0.467 -0.697
Limbic Occipital -1.590 1.881 -3.471 0.235 -14.767 80.353 0.001 -3.428
Limbic Pericentral -1.590 1.468 -3.058 0.212 -14.436 75.704 0.001 -3.250
M-CIN M-FPN -1.489 -1.039 -0.449 0.163 -2.755 87.000 0.528 -0.492
M-CIN Occipital -1.489 1.881 -3.370 0.227 -14.865 103.614 0.001 -2.865
M-CIN Pericentral -1.489 1.468 -2.957 0.203 -14.601 119.333 0.001 -2.686
M-FPN Occipital -1.039 1.881 -2.920 0.203 -14.404 89.71 0.001 -2.372
M-FPN Pericentral -1.039 1.468 -2.508 0175 -14.305 126.846 0.001 -2.205
Occipital Pericentral 1.881 1.468 0.413 0.236 1752 124.314 0.701 0.299
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Figure S17: Pairwise differences in secondary gradient scores between functional networks in the

validation sample.

Pairwise comparisons within and between the four “higher order” (limbic, mid-cingulo insular, medial and lateral
frontoparietal) and three “lower order” (occipital, pericentral, and dorsal frontoparietal) networks.
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Figure S19: Cluster structure and feature dependencies across 1000 diverse time series.
Rows and columns are clustered based on correlations between features. The colored dendrogram (left) visualizes the
cluster structure from Figure 1. The value in each cell is the Pearson correlation coefficient.
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Figure S20: PCA feature loadings for catch22 features applied to 1000 diverse time series (significant
PCs only).
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Investigating the impact of focal brain lesions

on regional dynamics and functional network

topology

Introduction

Previous work from our lab, as well as numerous studies from other groups, has demonstrated
that focal brain lesions are associated with widespread alterations of functional connectivity in
remote, undamaged brain areas (Blaschke et al., 2021; Froudist-Walsh et al., 2018; Gratton et
al.,, November 9-13 2013, 2012; Grayson et al., 2016; Griffis et al., 2019; Huang et al., 2022;
Nomura et al., 2010; Olafson et al., 2021; Ovadia-Caro et al., 2013; Park et al., 2011; Siegel et al.,
2018; Termenon et al., 2016; Wang et al., 2014). These changes are a form of diaschisis, and
result from multiple interacting factors including the loss of influence from lesioned areas to
other parts of the brain, as well as damage to direct and indirect axonal pathways between
undamaged brain areas (Carrera & Tononi, 2014; Fornito et al., 2015). While the particular
pattern of changes in functional connectivity following a focal insult will inherently depend on
the size and location of the lesion, growing work suggests that the magnitude and direction of
changes in functional connectivity in undamaged brain areas may also depend on the topology
and connectivity of those regions prior to injury. In particular, a number of studies have
observed a stereotyped pattern of “hub disruption” in which topologically central brain areas
(i.e. those with high degree, participation coefficient, etc.) tend to show the greatest decreases
in centrality following focal lesions, while peripheral regions (i.e. those with low degree, PC,
etc.) tend to show the greatest increases in centrality (Froudist-Walsh et al., 2018; Gratton et
al., November 9-13 2013; Huang et al., 2022; Termenon et al., 2016). The strongest evidence for
this phenomenon comes from experimental work by (Froudist-Walsh et al.,, 2018) and
colleagues, who found that cortical areas with high pre-lesion “hubness” (strength and
participation coefficient) showed the greatest decreases in participation coefficient and
within-module functional connectivity following bilateral hippocampal lesions in macaques,
while areas with low pre-lesion hubness tended to increases their PC and WD. In humans, this
effect has been observed both when comparing measures of regional topology between patients
and healthy participants, as well as when comparing homotopic areas between the ipsilesional
and contralesional hemispheres within each patient (Gratton et al., November 9-13 2013; Huang
et al., 2022; Termenon et al., 2016).

In light of this literature and prior observations that the timescale of intrinsic regional BOLD
activity is correlated with multiple properties of structural and functional network topology
(Chapters 1 and 2), we hypothesized that patients with focal subcortical lesions due to stroke
would exhibit altered cortical timescales. In particular, given evidence for systematic ‘“hub
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disruption”" in patients with focal lesions, we predicted that cortical areas in patients would
show a stereotyped pattern of increases and decreases in functional connectivity strength,
within-module degree, and participation coefficient, and critically, that increases and
decreases in within-module degree would be associated with lengthening and shortening of
intrinsic timescales in the same cortical areas.

Contrary to our predictions, we did not find evidence for stereotyped hub disruption in stroke
patients during the initial weeks of recovery, nor did we find evidence for systematic
lengthening and shortening of cortical timescales. We also did not find evidence for
idiosyncratic (rather than systematic) alterations in timescales or within-module degree in
patients, though we did find preliminary evidence for non-systematic alterations in strength
and participation coefficient when comparing patients to healthy participants. Further, while
patients tended to exhibit greater individual differences than healthy participants in measures
of functional network topology, no such effect was observed for cortical timescales. Together,
these results suggest that cortical timescales may be largely preserved following focal brain
lesions.

Given that we did not observe the predicted effects of focal lesions on regional dynamics or
functional network topology, we re-cast our hypothesis regarding parallel alterations of
timescales and within-module degree in stroke patients to instead consider the more general
question of whether individual differences in regional dynamics are correlated with individual
differences in topology. We found that this is indeed the case, and further, that timescales show
distinct associations with different aspects of functional network topology within individual
participants.

Methods

Participants

We analyzed data from 23 patients (7 female, ages 19—70; mean/SD = 50/11 years) with focal
subcortical lesions due to stroke (Fig. 1), and 17 healthy individuals (7 female, ages 21-83;
mean/SD = 56/15 years) recruited as age-matched controls. These participants were selected
(see below for selection criteria) from a larger dataset collected at Washington University,
which contained imaging data from 136 patients and 31 healthy controls. These data were made
available by Corbetta and colleagues, and downloaded from the Washington University Central
Neuroimaging Data Archive. We refer readers to (Corbetta et al., 2015) and (Siegel et al., 2016)
for complete details regarding recruitment and experimental procedures, but we summarize
them briefly below.

' As noted in Chapter 1, connector regions (those with high PC) do not necessarily exhibit widespread connectivity, and
as such labeling them as hubs is technically a misnomer. That said, we use the term “hub disruption” here as a
shorthand, and because it has consistently been applied in the literature to refer to measures of regional topology
beyond those which are strictly indicative of “hub” status.
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Figure 1: Lesion overlap map for the current sample.
Colors indicate the number of patients with stroke damage to each voxel. Lesion masks for each patient were
transformed to the MNI template to facilitate visualization in a common space.

Patients with first time symptomatic stroke were prospectively recruited through the stroke
service at Barnes Jewish Hospital in St. Louis, MO. All patients had persistent stroke symptoms
at hospital discharge. Patients were excluded from the study if there was evidence of previous
stroke on clinical imaging. Healthy control participants were matched to the patient sample for
age, gender, and years of education. Both patients and controls were excluded from the study if
they had a history of brain injury, other neurological disorder, or major psychiatric illness.

To assess whether patients in our sample were representative of the larger cohort, we used a
Wilcoxson-Mann-Whitney U test (MWU) to compare their scores on the NIH Stroke Scale
(NIHSS) to both the entire study cohort (136 patients) as well as to all patients from the study
who had exclusively subcortical lesions (61 patients).

A NIHSS @ Hospital B NIHSS @ Visit 1
Current vs. All: CLES = 0.612 (p = 0.052) Current vs. All: CLES = 0.620 (p = 0.045)
Subcortical vs. All: CLES = 0.537 (p = 0.206) Subcortical vs. All: CLES = 0.548 (p = 0.161)
Current vs. Subcortical: CLES = 0.577 (p = 0.155) Current vs. Subcortical: CLES = 0.582 (p = 0.147)
Sample Sample
351 [ Current Sample 50 [ Current Sample
30 All Patients All Patients
— [ All Subcortical 40 4 [ All Subcortical
25 A
o o
c = -
8 20 4 8 30
O (o]
15 1 20 4
10
5 L [ —
e I e
O T T T T T 0 1 1 1 1 1 1 1
0 5 10 15 20 25 0.0 2.5 5.0 7.5 10.0 125 15.0 175
NIHSS Score NIHSS Score

108



Figure S1: Stroke severity in the current sample compared to the full sample.

(A) Assessment at hospitalization was typically conducted within 24 hours post stroke. (B) The NIHSS was
re-administered at study visit 1 (1-2 weeks post stroke), on the same day as scanning. NIHSS; NIH Stroke Scale. CLES;
Common Language Effect Size, the probability that a randomly selected patient in each subset will have a lower
NIHSS score than a randomly selected patient from the larger set to which it is being compared.

When assessed in the hospital (usually within 24 hours post stroke), NIHSS scores in our sample
were not significantly different from the larger cohort (CLES = 0.612, p = 0.052) or the set of all
patients with exclusively subcortical lesions (CLES = 0.577, p = 0.155) (Fig. S1A). When assessed
at the study visit (1-2 weeks post stroke), NIHSS scores in the current sample were marginally
lower than in the larger cohort (CLES = 0.620, p = 0.045), but did not differ from the full set of
patients with subcortical lesions (CLES = 0.582, p = 0.147) (Fig. S1B). Together, these results
suggest that stroke severity at the time of scanning in our sample is representative of the larger
cohort of patients with subcortical lesions.

MRI acquisition

Patients were scanned 1—2 weeks, 3 months, and 1 year post-stroke. Here, we focus on the first
scan session. MRI images were collected using a Siemens 3T Tim-Trio scanner, and included
high resolution (1mm isotropic) Tiw MPRAGE and T2w TSE images in addition to 6—8 ~4.25
minute “resting” fMRI scans (TR/TE = 2000/27ms, 4mm isotropic, 128 volumes per scan)
during which patients were instructed to fixate on a small cross. Control participants underwent
an identical imaging protocol.

Lesion segmentation

Lesion masks were provided by Corbetta and colleagues, and were manually traced on Tiw and
T2w images from the first study visit (1-2 weeks post stroke) which had been registered to a
study-specific template in 711-2B space. Masks were transformed to native Tiw space by first
using ANTs (Avants et al., 2014) to register the MPRAGE image from each patient to the 2mm
711-2B study-specific template via an affine transform, and then applying the inverse
transform to the mask image. Because this transformation is imperfect, we used the ITK-SNAP
(Yushkevich et al., 2006) Convert3D tool to apply a 2mm morphological dilation and 1mm
morphological erosion to the binary mask images to ensure coverage at the borders of the
lesion. All original masks were reviewed and approved by two board-certified neurologists, and
transformed masks for patients in the final sample were additionally reviewed by the first
author of this paper.

Preliminary identification of patients with subcortical lesions

To identify patients with subcortical lesions, we first visually inspected the lesion mask of each
patient overlaid on the study-specific template used by the original authors. We excluded 75
patients whose masks extended into the cerebral cortex.

109


https://paperpile.com/c/PNnGy3/RJbY5
https://paperpile.com/c/PNnGy3/SRFWv

Data quality control

Imaging data for the remaining 61 patients and 31 healthy control participants underwent
quantitative quality control using MRIQC (Esteban et al., 2017). This allowed us to identify and
exclude any resting fMRI scans with excessive head motion, which we defined as a mean FD >
0.4mm. We acknowledge that this threshold is double the commonly recommended maximum
of o.2mm (Power et al.,, 2012, 2014; Satterthwaite et al., 2012; Yan et al., 2013), but was
necessary due to the high levels of in-scanner head motion present in both patients and control
participants (patient average = 0.48mm, control average = 0.51mm). To ensure sufficient data
was available to reliably characterize brain connectivity and dynamics, we excluded any patient
with fewer than 3 scans (12.8 minutes) of fMRI data remaining after motion QC. Control
participants were included as long as they had one passing scan. Thirty-one patients and 17
healthy controls met these initial QC criteria. Levels of head motion remained well matched
between groups following motion QC (patient average = 0.25mm, control average = 0.27mm; t =
-1.20, p = 0.230).

Following motion QC, we used ITK-SNAP to closely inspect the Tiw and T2w images for each
remaining patient. Based on these inspections, we excluded 3 patients whose stroke lesions
extended into cortex, as well as 4 patients with highly progressed white matter disease (Fazekas
grade > 2.5; (Fazekas et al., 1987)), and one patient for whom no lesion or pathology was visible
on any of the structural images (including supplemental FLAIR, DWI, and DIR scans).
Twenty-three patients remained in the final sample (Fig. S2).
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Figure S2: Stroke lesion location and extent for each patient in the final sample.
Lesion masks for each patient were transformed to the MNI template to facilitate visualization in a common space.

Preprocessing

MRI data for patients and controls were reconstructed from DICOM images and organized as per
the BIDS specification (K. J. Gorgolewski et al., 2016) using BIDScoin (Zwiers et al., 2021). Tiw
and BOLD images were preprocessed using FMRIPREP (Esteban et al., 2019) version 1.3.2 run via
Singularity (Kurtzer et al., 2017). This process was identical to that described in Chapter 1, with
the following additions: 1) The binary lesion mask for each patient was used for constrained
cost-function masking (Kim et al., 2008) during nonlinear registration of the Tiw image to the
MNI template. Cost-function masking is necessary to avoid warping healthy tissue into the
lesioned area (and vice-versa) (Andersen et al., 2010; Brett et al., 2001; Crinion et al., 2007), and
this feature is provided in the official release of FMRIPREP (having been contributed by the first
author of this paper). 2) We re-calculated nuisance regressors after subtracting the lesion mask
from the combined white matter + CSF aCompCor ROI. This was accomplished using a custom
Nipype workflow (K. Gorgolewski et al., 2011) and is necessary to ensure that our nuisance
regressors did not include signals from stroke-damaged gray matter regions which may have
been misclassified as WM or CSF.
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Denoising

We used GLM-based denoising with a model that included 24 motion parameters (6 rigid body
parameters estimated during volume realignment, plus their Volterra series expansion), 6
aCompCor components (Behzadi et al., 2007) estimated from a combined white matter + CSF
mask, plus the global mean signal and its Volterra series expansion. This combination of
regressors was chosen based on the results of prior studies which evaluated the effectiveness of
a wide range of denoising approaches for minimizing the confounding effects of in-scanner
head motion (Ciric et al., 2017; Lydon-Staley et al., 2019; Parkes et al., 2018). We additionally
applied a 0.009—-0.1 Hz bandpass filter.

Cortical timescales

Timescales were estimated as the lag-1 autocorrelation of the denoised BOLD time series from
each of 400 cortical regions defined by (Schaefer et al., 2018). Timescales were estimated
separately for each scan and then averaged across scans for each patient and healthy
participant. Group-average timescale maps were highly similar between patients and healthy
controls (Fig. S3), and are consistent with the results we present in Chapters 1 and 2.

Healthy Stroke

L

-2 -1 0 1 2
Timescale (z-score)

Figure S3: Group-average timescales in healthy participants and stroke patients.
We did not test for parcel-wise group differences in timescales, as this was beyond the scope of our study.

Static functional connectivity

For each scan, we estimated the static functional connectivity (Pearson correlation) between
each pair of cortical regions. Functional connectivity estimates were then averaged across scans
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for each patient and control participant to create an individualized average functional
connectivity network. Negative edges were set to zero.

Topological roles

We calculated the strength (weighted degree) of each cortical region as the sum of all positive
edges in each individual’s average static functional connectivity network. To calculate
participation coefficient and within-module degree, we first used consensus clustering
(Lancichinetti & Fortunato, 2012) to identify a stable community partition for each individual’s
average static functional connectivity network based on 250 runs of the Louvain community
detection algorithm (Blondel et al., 2008) with a resolution of y = 1.5. We then calculated PC and
WD relative to these individualized network partitions. Our use of individualized network
partitions rather than a single common partition follows previous work from our lab on the
impact of focal lesions on functional connectivity (Gratton et al., November 9-13 2013, 2012),
and allows our analyses to respect individual differences in functional network organization
(Gordon, Laumann, Adeyemo, & Petersen, 2017; Gordon, Laumann, Adeyemo, Gilmore, et al.,
2017; Gordon, Laumann, Gilmore, et al., 2017; Kong et al., 2019; Seitzman et al., 2019).

Hemisphere-level analyses

Given predominantly contralateral projections between the cortex and cerebellum (Schmahmann &
Pandya, 1997), cerebellar lesions were reverse-coded (e.g. right hemisphere ipsilesional for a lesion in the
left cerebellum). Following (Siegel et al., 2018), patients with brainstem lesions were excluded from all
hemisphere-level analyses due to the possibility of projection fibers which cross the midline.

Results

No evidence for stereotyped “hub disruption” in patients

To assess whether patients in our sample exhibited alterations in regional topology which
follow the predicted stereotyped pattern of “hub disruption”, we first computed difference
scores between the median value of each topological measure for each region in patients
(<stroke>) and the median values for the same region in healthy controls (<healthy>). We then
plotted these difference scores (<stroke> — <healthy>; y-axis) against the median values from
the control group (<healthy>; x-axis). This allowed us to visualize the extent to which
topological measures for each region in patients are higher (y > 0), lower (y < 0), or roughly
similar to (y ~ 0) the same region in controls. If regions with high values show the greatest
decrease, and regions with low values show the greatest increase, we would expect to see a
negative relationship between difference scores and the healthy group median. Following
(Achard et al., 2012), we defined a “disruption index” (kX;) as the slope of a linear fit to this data.
To evaluate the possibility that timescales also exhibit a stereotyped pattern of increases and
decreases, we repeated this process for timescale estimates. At the group level, we observed
weakly negative slopes for all three measures of regional topology, as well as for cortical
timescales (Fig. 2). However, due to the significant heterogeneity among patients in lesion size
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and location, it is possible that this effect only exists for group-median values (which may fail
to reflect the particular patterns of topology and timescales present in any individual patient).
As such, we also calculated disruption indices for each patient and healthy individual relative to
the healthy group median. Critically, we used a “Leave One Out” strategy when computing k;
for individuals in the control group, such that the each healthy participant was compared to a
group median computed from all other controls. This approach stands in contrast to how
individual K; values were computed for healthy participants in (Achard et al., 2012), as well as in
the papers by (Gratton et al., November 9-13 2013), (Termenon et al., 2016), and (Huang et al.,
2022), all of whom compared each control participant to the mean of all controls. This
modification is necessary because comparing an individual to reference values which are based
in part on their own data (i.e. a healthy individual compared to the mean of all healthy
individuals) will necessarily result in greater similarity (less “disruption”) than when comparing
values for an individual whose data did not contribute to the reference template.

We used a Wilcoxon-Mann-Whitney (WMW) test to compare the distribution of X; values
between patients and healthy participants. The WMW tests the null hypothesis that a randomly
selected observation from one sample will be equally likely to be larger or smaller than a
randomly selected observation from a second sample, and as a non-parametric test it is more
robust to (and more powerful in the presence of) deviations from normality than a t-test (Fay &
Proschan, 2010). However, like an F statistic, the WMW U statistic does not provide information
about the direction of departure from the null hypothesis (i.e. whether an observation from X is
likely to be larger or smaller than an observation from Y). As such, we focus on the Common
Language Effect Size (CLES) (McGraw & Wong, 1992), which gives the probability that a
randomly selected patient will have a lower K; value than a randomly selected healthy
individual. We computed the CLES using the brute-force method proposed by (Vargha &
Delaney, 2000), which does not assume normally distributed data. To evaluate the significance
of group differences, we compared the observed CLES to a null distribution generated by
randomly permuting group labels 1000 times.
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Figure 2: Cortex-wide disruption index analysis.

Disruption Index (Kj)

The top plot in each panel shows group level disruption plots for Timescale, Strength, WD, and PC. The disruption
index K; (e.g. Ky, Kyp) is the slope of a linear fit to the data points (dashed lines). We observed weakly negative slopes
for each measure at the group level, but found no significant group differences in individual k; values (bottom of each
panel). CLES is the probability that a randomly selected patient will have a lower K; than a randomly selected healthy

participant.
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In our initial analysis, we computed K; values across all cortical regions in both hemispheres
(Fig. 2). While we observed negative K; values for topological properties and timescales at the
group level (K5 = -0.166; Kyp = -0.193; Kp; = -0.262; K, = -0.188) we found no significant group
differences in individual X; values for any measure (Ks: CLES = 0.588, p = 0.170; Kyp: CLES =
0.506, p = 0.504; Kpc: CLES = 0.591, p = 0.163; K- CLES = 0.519, p = 0.440). However, it is possible
that disruptions due to stroke may be limited to the injured hemisphere. To evaluate this
possibility, we conducted two complementary analyses.

First, we computed inter-hemispheric K; values by comparing topological properties and
timescales in the ipsilesional hemisphere of each patient to homotopic areas in the
contralesional hemisphere. Because topological properties and timescales may differ between
hemispheres even in healthy brains, we conducted this analysis separately for patients with
lesions in the left and right hemisphere. We found a significant difference in inter-hemispheric
K values for patients with left hemisphere lesions (CLES = 0.775, Pperm = 0.025; Fig. 3B), though
we note that this comparison included data from only six patients and that the effect would not
survive correction for multiple comparisons. We did not observe any significant differences in
inter-hemispheric disruption indices for timescale, within-module degree, or participation
coefficient (Fig. 3, A/C/D).

Second, we re-computed K; values for each patient’s ipsilesional hemisphere relative to the
same hemisphere in healthy participants, and compared these to the distribution of
single-hemisphere K; values in controls. We did not observe any significant group differences in
ipsilesional K; values for any measure (Fig. 4). We repeated this analysis for the contralesional
hemisphere and found a significant group difference in contralesional K values (CLES = 0.671,
Pperm = 0.025; Fig. 5B), though this effect would also not survive correction for multiple
comparisons.

Together, the results of our disruption index analysis fail to provide evidence for the predicted
stereotyped pattern of increases and decreases in topological measures or timescales in patients
with subcortical stroke, either relative to healthy participants, or when comparing measures
between hemispheres in each patient.
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Figure 3: Inter-hemispheric disruption index analysis.
When comparing timescales and topological properties between hemispheres in each individual, patients with left
hemisphere stroke lesions tended to have lower K; values than healthy individuals, though we caution that only six
patients were included in that comparison, and that the effect would not survive correction for multiple comparisons.
We did not observe any other significant group differences in inter-hemispheric K; values. CLES is the probability that
arandomly selected patient will have a lower K; than a randomly selected healthy participant.
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Figure 4: Ipsilesional disruption index analysis.
We did not observe a significant group difference in ipsilesional K; values for any measure. CLES is the probability that
arandomly selected patient will have a lower K; than a randomly selected healthy participant.
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Figure 5: Contralesional disruption index analysis.

When considering only regions in the contralesional hemisphere, patients tended to have lower K; values than
healthy individuals, though we note that this effect would not survive correction for multiple comparisons. We did
not observe any other significant group differences in contralesional K; values. CLES is the probability that a
randomly selected patient will have a lower K; than a randomly selected healthy participant.

Similarity and normative deviation of regional dynamics and topology

Given the null results of our disruption index analysis, we conducted two exploratory follow-up
analyses to test whether timescales or topological properties show other types of differences
between patients and control participants. The “disruption index” pre-supposes a particular,
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distributed pattern of lesion-induced disruption (i.e. the greatest decrease in regions with high
values, and the greatest increase in regions with low values), but it is possible that differences
in timescales or topological properties between patients and control participants do not follow
this pattern, or that differences in patients are relatively circumscribed rather than distributed
across many areas.

First, we computed the Euclidean distance between timescales and topological properties in
each patient, and the median of each measure in control participants. Lower Euclidean distance
indicates greater similarity. Euclidean distance, like correlation, is agnostic to the particular
pattern of differences between two vectors. However, unlike correlation, Euclidean distance is
also sensitive to the scaling of values, and has recently been used to study changes in functional
connectivity following stroke (Branscheidt et al., 2022). If timescales or topological properties
are disrupted in multiple brain areas following subcortical stroke, patients should be less
similar to the healthy median than control participants, regardless of the particular pattern of
disruptions. Second, we adopted a “normative modeling” approach (Marquand et al., 2016) to
identify cortical areas in each patient where timescales or topological properties were
significantly different than those in healthy participants. For each cortical area in each patient,
we computed a z-score relative to the distribution of values for the same area in healthy
participants. Then, following (Lv et al., 2021), we defined extreme deviations as regions with an
absolute z-score of at least 1.96, and counted the number of such deviations for each measure.
Assuming that individual differences in timescales and topology are normally distributed in the
larger population, patients with stroke-related disruptions in these measures should have a
higher number of extreme deviations than healthy participants, even if disruptions are limited
to a small number of areas, and even if no two patients show extreme deviations in the same
regions. Euclidean distances and normative deviations were both calculated in healthy
participants using the “leave one out” strategy described above, and we used the same
permutation testing approach to evaluate the significance of group differences (with the
exception that the alternative hypothesis was that patients exhibit higher rather than lower
values compared to controls). Because these were exploratory follow-up analyses, we did not
correct for multiple comparisons, and our results should be considered in light of this decision.

Cortex-wide patterns of strength and participation coefficient in patients tended to be less
similar to the healthy median than in control participants (strength: CLES = 0.714, Pperm = 0.017;
PC: CLES = 0.670, DPperm = 0.035; Fig. 6B/D). Patients also tended to have a greater number of
cortical areas where strength showed a large deviation from the normative distribution (CLES =
0.666, Dperm = 0.048; Fig. 6B). We found similar results in each cortical hemisphere. In the
ipsilesional hemisphere, distributed patterns of strength and participation coefficient in
patients tended to be less similar to the healthy median than in controls (strength: CLES =
0.730, Pperm = 0.003; PC: CLES = 0.671, Pperm = 0.024; Fig. 7B/D), and patients tended to have a
greater number of extreme normative deviations in these measures (strength: CLES = 0.683,
Pperm = 0.014; PC: CLES = 0.650, Dperm = 0.047; Fig. 7B/D). In the contralesional hemisphere,
distributed patterns of strength and participation coefficient in patients tended to be less
similar to the healthy median than in controls (strength: CLES = 0.692, Dpe,m = 0.019; PC: CLES =
0.666, pP,m = 0.030; Fig. 8B/D), and patients tended to have a greater number of extreme
normative deviations in participation coefficient (CLES = 0.654, Dperm = 0.034; Fig. 8D). We did

119


https://paperpile.com/c/PNnGy3/nNhKM
https://paperpile.com/c/PNnGy3/xDDo0
https://paperpile.com/c/PNnGy3/bcTZd

not observe any group differences in Euclidean distance or the number of normative deviations
for timescale or within-module degree at any level of analysis. Similarly, we did not find any
evidence that patients showed greater inter-hemispheric differences than healthy participants
(Fig. 9). Together, these results provide preliminary evidence that patients with subcortical
stroke exhibit both distributed and localized differences in regional functional connectivity
strength and participation coefficient during the sub-acute stage of recovery.
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Figure 6: Similarity and normative deviation of timescales and topology across all cortical areas.

Euclidean distance (top of each panel) quantifies the similarity of timescales and topological properties across all
cortical areas in each individual relative to the median in healthy participants. Higher distance indicates lower
similarity. In contrast, normative modeling (bottom of each panel) allows us to count the number of individual
regions in each participant which differ significantly from the healthy distribution. Strength and participation
coefficient in patients were both significantly less similar to the healthy median than in controls, and patients also
had significantly more extreme normative deviations in strength than controls. CLES is the probability that a
randomly selected patient will have a higher Euclidean distance or greater number of extreme deviations than a

randomly selected healthy participant.
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Figure 7: Similarity and normative deviation of timescales topology in the ipsilesional hemisphere.
Patients tended to show greater differences in strength and participation coefficient (relative to the expected value in
healthy individuals) than control participants, both in terms of the similarity of the pattern of strength and PC values
across regions, as well as in the number of regions which show an extreme deviation from the distribution of healthy
values. CLES is the probability that a randomly selected patient will have a higher Euclidean distance or greater
number of extreme deviations than a randomly selected healthy participant.
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Figure 8: Similarity and normative deviation of timescales and topology in the contralesional

hemisphere.

Patients tended to show lower similarity in strength and participation coefficient (relative to the healthy median)
than controls. Patients also tended to have a greater number of extreme deviations in participation coefficient than
controls. CLES is the probability that a randomly selected patient will have a higher Euclidean distance or greater
number of extreme deviations than a randomly selected healthy participant.

122



A Timescale B Strength

CLES = 0.504 (pperm = 0.522) CLES = 0.473 (pperm = 0.606)
roke| fo et ot swoke ] {EH :
L | Lo o !
Healthy T ——————————— Healthy T b — |
T T T T T T T T T
0.4 0.5 0.6 0.7 0.8 150 200 250 300
Euclidean Distance Euclidean Distance
C Within-module degree D Participation coefficient
CLES = 0.591 (pperm = 0.168) CLES = 0.627 (pperm = 0.087)
Stroke - ® +—o—~u' & $e0 @ oo—u—+ o o Stroke +—.—O—O—H— ce oy 00 o o -'}o—.4_+
| ! | |
Healthy 4 Tt *] Healthy I !
T T T T T T T T T T T T T T
17 18 19 20 21 1.6 18 2.0 2.2 2.4 2.6 2.8 3.0 3.2
Euclidean Distance Euclidean Distance

Figure 9: Inter-hemispheric similarity of timescales and topology.

We did not observe a significant group difference in inter-hemispheric similarity for any measure. CLES is the
probability that a randomly selected patient will have a higher Euclidean distance than a randomly selected healthy
participant.

Finally, given recent evidence that patients exhibit greater inter-individual variability in
functional connectivity patterns (Branscheidt et al., 2022), we additionally computed the
similarity in cortex-wide timescales and topological properties between each pair of patients
and each pair of controls. For each measure, this produced a distribution of Euclidean distances
which quantifies the similarity of regional dynamics and topological properties within each
group. As above, we used a WMW test to compare these distributions, and evaluated
significance relative to 10,000 random permutations of group labels. Consistent with the results
of our other analyses, while patients did not show greater inter-individual variability in
timescales than healthy participants (CLES = 0.540, pperm = 0.0951), they did show greater
variability in strength (CLES = 0.619, pperm = 0.0002) and participation coefficient (CLES =
0.570, pperm = 0.0130), as well as within-module degree (CLES = 0.640, pperm = 0.0001). These
results suggest that in addition to showing greater deviations in strength and participation
coefficient relative to healthy individuals, patients also show more idiosyncratic patterns of
regional topology than healthy individuals.

Individual differences in topology correlate with individual differences in timescale

While we did not find evidence for stereotyped disruption of timescales or topological
properties in patients, it is clear from our results that these measures do differ between
individuals. As such, while our failure to observe alterations in timescales or within-module
degree in patients means that we are unable to test our a priori hypothesis that these alterations
will be correlated, the same analysis can be re-framed as asking the more general question of
whether individual differences in topological properties are related to individual differences in
regional dynamics. In particular, given our prior observations of a robust positive correlation
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between cortical timescales and within-module functional connectivity degree (Chapters 1 and
2), we predicted (post-hoc) that normative deviations in timescales would be positively
correlated with normative deviations in within-module degree. Thus, for each individual
patient and healthy participant, we calculated the Spearman correlation between normative
deviations in timescale and normative deviations in each of the three measures of regional
topology (strength, WD, and PC). As a reminder, the normative deviation of each cortical area in
an individual is the z-score of that region relative to the distribution of values for that region in
healthy individuals. Because spatial autocorrelation can inflate measures of association when
comparing brain maps, we evaluated the significance of these correlations using spin testing
(Alexander-Bloch et al.,, 2018) and 1000 permutations. For each topological measure, we
counted the number of participants exhibiting a significant correlation, and estimated the 95%
confidence interval for the mean correlation using the bias-corrected and accelerated bootstrap
confidence interval method (which corrects for both the bais and skewness of bootstrapped
parameter estimates) (Davison & Hinkley, 1997).
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Figure 10: Correlation between timescale deviations and topology deviations within each individual.
To investigate whether individual differences in regional dynamics were correlated with individual differences in
topological properties, we computed, within each participant, the Spearman correlation between timescale
deviations and deviations in each of the three measures of regional topology. We found that cortical areas in patients
and healthy participants which exhibit higher than average strength and within-module degree also tend to exhibit
longer than average timescales, and that a similar (but opposite) relationship exists for participation coefficient in
most healthy individuals. The fractions above each set of data points is the proportion of individuals showing a
significant correlation. Significance was determined using spin-based permutation testing and an alpha of p = 0.0167
(i.e. 0.05 / 3 measures of topology), though we note that the majority of significant p-values were less than 0.005
(Fig. S4). Bootstrapped 95% confidence intervals for the mean correlation (across all participants) are shown at the
bottom of the figure.
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We found robust evidence for a relationship between individual differences in regional
dynamics and hub properties (Fig. 10). As predicted, timescale deviations exhibited a significant
positive correlation with within-module degree deviations in the majority of individuals (19 of
23 patients and 15 of 17 healthy participants; bootstrapped 95% CI = [0.209 — 0.287]). Most
individuals also had a significant positive correlation between timescale deviations and
strength deviations (19 of 23 patients and 14 of 17 healthy participants; 95% CI = [0.228 —
0.311]). Just over half of individuals showed a significant negative correlation between timescale
deviations and PC deviations (10 of 23 patients and 14 of 17 healthy participants; 95% CI =
-[0.108 — 0.198]). These findings indicate that cortical areas in patients and healthy
participants which exhibit greater than average global (strength) and within-module (WD)
functional connectivity (relative to the same region in other individuals) are also likely to
exhibit longer than average timescales, and that a similar (though opposite) relationship exists
for participation coefficient.
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Figure S4: P-values for correlations between timescale deviations and topology deviations within
individuals.
The horizontal dotted line shows the p = 0.0167 threshold for significance.

Timescales are correlated with topology at the level of individual participants

Given our novel finding that timescale deviations are correlated with deviations in multiple
topological properties in the majority of individual participants, we additionally investigated
whether the group-level relationship between timescales and within-module degree which we
observed in previous chapters also exists within each individual. This analysis was nearly
identical to that presented in the previous section, except we evaluated the relationship
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between “raw” values of timescale and topology in each participant rather than normative
deviations in these measures.

As in our analysis of correlated individual differences, we found robust evidence for a
relationship between timescales and topology at the level of individual participants (Fig. 11). In
particular, timescales exhibited a significant positive correlation with within-module degree in
a large majority of individuals (20 of 23 patients and 14 of 17 healthy participants; 95% CI =
[0.247 — 0.361]). Just over half of individuals also showed a significant positive correlation
between timescales and strength (15 of 23 patients and 10 of 17 healthy participants; 95% CI =
[0.239 — 0.359]), and a significant negative correlation between timescales and participation
coefficient (11 of 23 patients and 15 of 17 healthy participants; 95% CI = -[0.141 — 0.274]). These
results suggest that the positive correlation between timescales and within-module
degree—which we observed in previous chapters at the group level —also exists at the level of
individuals. Further, they suggest that analyses undertaken at the group level may obscure
relationships between timescale and other features of regional topology (i.e. strength and
participation coefficient) which exist in many individual participants.
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Figure 11: Correlation between timescales and topology within each individual.

Consistent with the results of our group-level analyses from previous chapters, we found that the majority of
individuals showed a significant positive correlation between timescales and within-module degree. Further, we
found that over half of participants also exhibited a significant positive correlation between timescales and strength,
and a significant negative correlation between timescales and participation coefficient. The fractions above each set
of data points is the proportion of individuals showing a significant correlation. Significance was determined using
spin-based permutation testing and an alpha of p = 0.0167 (i.e. 0.05 / 3 measures of topology), though we note that
the majority of significant p-values were below 0.005 (Fig. S5). Bootstrapped 95% confidence intervals for the mean
correlation (across all participants) are shown at the bottom of the figure.
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Figure S5: P-values for correlations between timescales and topology within individuals.
The horizontal dotted line shows the p = 0.0167 threshold for significance.

Timescales are correlated with topology across participants

Our previous analyses have provided evidence for relationships between timescales and
topology within individuals. However, a stronger test of the hypothesis that these features are
related is to assess whether timescales and topological features are correlated across individuals.
As such, in our final analysis, we computed the Spearman correlation between timescale and
each of the three topological features in each cortical area across patients and healthy
individuals. Consistent with both our group-level analyses in previous chapters—as well as the
single-subject analyses presented in previous sections of this chapter—we found that
timescales were positively correlated with within-module degree in most cortical areas (95% CI
= [0.181 — 0.219]; Fig. 12B). Timescales were also positively correlated with strength (95% CI =
[0.241 — 0.274]; Fig. 12A) and negatively correlated with participation coefficient (95% CI =
-[0.181 — 0.214); Fig. 12C) in most cortical areas. Further, each of these effects was
independently significant in dozens of individual regions, even after using the False Discovery
Rate (FDR) method (Benjamini & Hochberg, 1995) to correct for multiple comparisons (Fig. S6).
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Figure 12: Correlations between timescales and topology across individuals.
Distributions show the Spearman correlation between timescale and each topological feature calculated across all 40

participants for each of the 400 cortical regions. Bootstrapped 95% confidence intervals are for the mean correlation
across cortical areas.
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Figure S6: Cortical areas showing a significant correlation between timescale and topology.
Surface maps are thresholded to show only regions where the Spearman correlation between timescale and each
topological measure was significant at FDR g < 0.05.

Discussion

Previous studies from our group and others have found both robust evidence for alterations of
functional connectivity in patients with focal brain lesions, as well as a relationship between the
timescale of intrinsic regional BOLD activity and the topological role of each brain area. As such,
we predicted that cortical timescales would be altered in patients with subcortical lesions due to
stroke, and more specifically, that these alterations would parallel a stereotyped pattern of
topology-dependent increases and decreases in within-module degree. Contrary to our
predictions, we did not find evidence for stereotyped alterations timescale or within-module
degree, nor strength or participation coefficient. Similarly, neither did we find evidence for
non-systematic alterations in timescales or within-module degree, though we did find
preliminary evidence for idiosyncratic, non-systematic alterations in strength and
participation coefficient in patients, both in terms of the similarity of distributed patterns of
these features compared to a healthy template, as well as the number of individual regions
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which exhibited a large normative deviation from the healthy distribution. Patients also tended
to show greater individual differences in the three topological measures than healthy
participants, though we found no such effect for timescales. Together, these results suggest
that some aspects of regional functional network topology are altered in patients with focal
subcortical lesions due to stroke, but fail to replicate prior observations of a stereotyped pattern
of “hub disruption” in these patients. Further, they suggest that cortical timescales may be
largely preserved during the early stages of stroke recovery.

In contrast, we found robust evidence that individual differences in timescales are correlated
with individual differences in regional topology. Within individuals, normative deviations in
timescale were positively correlated with normative deviations in strength and within-module
degree, and negatively correlated with normative deviations in participation coefficient. Across
individuals, cortical areas with longer timescales tended to have higher strength and
within-module degree, and lower participation coefficient. Additionally, we extend our prior
work on group-level associations between timescales and within-module degree by
demonstrating that the same relationship exists at the level of individual participants, and
further, that timescales are also correlated with strength and participation coefficient in
single-subject analyses. Together, these results contribute to the growing literature on the
relationship between regional connectivity and intrinsic dynamics, and suggest that BOLD
timescales show distinct associations with the extent to which each brain area acts as a hub
(strength, WD) or connector (participation coefficient) within cortical functional connectivity
networks.

While we did not find evidence for altered timescales in our sample of stroke patients, a number
of recent studies have reported localized alterations in other properties of intrinsic dynamics in
undamaged brain areas during the initial stages of recovery after stroke, and further, that these
alterations are related to the degree of behavioral impairment (Guo et al., 2019; Liang et al,,
2020; Tian et al., 2022; Xie et al., 2022). In particular, (Guo et al., 2019) found that patients with
post-stroke aphasia had significantly lower variability in the amplitude of low-frequency
fluctuations (dALFF) in the left inferior frontal gyrus and middle temporal gyrus compared to
healthy individuals, and that dALFF in the IFG was correlated with aphasia severity. Similarly,
(Liang et al., 2020) and (Tian et al., 2022) found that the entropy of intrinsic dynamics in the
supplementary motor area of patients with post-stroke motor impairment was associated with
the severity of that impairment. Notably, like the analysis we present here, the study by Tian
and colleagues focused exclusively on patients with subcortical lesions. Together, these studies
suggest that focal lesions due to stroke may be associated with relatively circumscribed
alterations in the intrinsic dynamics of remote brain areas. Given that our analyses were not
designed to identify spatially localized group differences, it remains possible that timescales
show similar alterations, and future work is needed to evaluate this hypothesis.

Our results fail to replicate the findings of three prior studies which have reported evidence for
stereotyped hub disruption in patients with focal brain lesions. In particular, an unpublished
analysis from our group (Gratton et al., November 9-13 2013) found evidence for stereotyped
disruption of within-module degree and participation coefficient (relative to healthy
individuals) in patients during the chronic stage recovery from stroke, traumatic brain injury,
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and tumor resection. Gratton and colleagues also found evidence for stereotyped disruption of
participation coefficient when comparing the ipsilesional and contralesional hemisphere within
each patient, and their study was the primary inspiration for the current analysis. In similar
work, (Termenon et al., 2016) found stereotyped disruption of local and global efficiency,
degree, and clustering coefficient in stroke patients relative to healthy controls, and disruption
of local and global efficiency, degree, and betweenness centrality when comparing the
ipsilesional to contralesional hemisphere in patients. More recently, (Huang et al., 2022)
reported that stroke patients show stereotyped disruption in degree, betweenness centrality,
clustering coefficient, local efficiency, and participation coefficient relative to healthy
individuals. Together, these studies suggest that functional connectivity networks in stroke
patients show stereotyped disruption in a wide range of topological measures. Stereotyped hub
disruption has also been observed across a wide range of psychiatric and neurological disorders,
including epilepsy (Banjac et al., 2021; Ridley et al., 2015; Roger et al., 2020; Song et al., 2015),
dementia (Baggio et al., 2014), autism (Itahashi et al., 2014), schizophrenia (Lo et al., 2015),
chronic pain (Barroso et al., 2021; Mano et al., 2018; Mansour et al., 2016) and disorders of
consciousness (Achard et al., 2012; Malagurski et al., 2019; Sinitsyn et al., 2018).

While methodological differences do exist between the current study and those undertaken by
Gratton, Termonon, and Huang, we believe we are able to rule out three key factors which might
otherwise offer an explanation for our failure to replicate their results. First, hub disruption in
stroke patients has been observed at both the sub-acute (Huang, Termenon) and chronic stages
of recovery (Gratton). As such, our failure to find evidence for hub disruption is unlikely to be
due to our focus on data collected from patients in the first few weeks after stroke. Second,
while both Gratton and Termenon included patients with both cortical and subcortical lesions,
Huang and colleagues (like the current analysis) focused exclusively on patients with
subcortical lesions. Third, it is unlikely that our null findings result from a small sample size or
lack of power. In particular, while the studies by Gratton and Huang both included more than
twice the number of patients than we analyzed here, Termenon et al. analyzed data from
slightly less patients than in our sample. Further, while neither Gratton or Termeon reported
effect sizes for the difference in disruption indices between patients and healthy participants,
Huang et al. report an effect size of d = 1.27 for PC disruption, and d = 0.95 for degree disruption.
In a post-hoc power analysis, we found that our study was powered at 0.985 (PC) and 0.885
(degree) to detect these effects. As such, further work is needed to identify the factors which led
to our divergent results.

More generally, our finding that strength and participation coefficient in patients exhibit
reduced similarity to the healthy median—as well as a greater number of extreme normative
deviations—is consistent with prior work showing that focal brain lesions are associated with
alterations of functional connectivity in remote brain areas (Gratton et al., 2012; Grayson et al.,
2016; Griffis et al., 2019; Nomura et al., 2010; Ovadia-Caro et al., 2013; Park et al., 2011; Siegel et
al., 2018; Wang et al., 2014), and in particular, their topological properties (Blaschke et al., 2021,
Froudist-Walsh et al., 2018; Gratton et al., November 9-13 2013; Huang et al., 2022; Li et al,,
2020; Olafson et al., 2021). Similarly, our observation that patients exhibit greater
inter-individual variability in topological measures is consistent with a recent study by
(Branscheidt et al., 2022), who also found increased inter-individual variability in functional
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connectivity patterns following subcortical stroke. Notably, however, patients in the study by
Branscheidt and colleagues all had unilateral upper extremity weakness due to subcortical
lesions to the corticospinal tract, and the researchers focused their analysis exclusively on
regions of interest in the motor cortex. This suggests that while our findings of increased
inter-individual variability are likely due at least in part to heterogeneity in lesion location,
such heterogeneity is not necessary to produce these effects.

In previous chapters, we found (in group level analyses) that functional connectivity
within-module degree—but not strength or participation coefficient>—was positively
correlated with cortical timescales. Here, we show that the relationship between timescales and
within-module degree also exists both across cortical areas within individual participants, as
well as in individual cortical areas across participants. Further, we find that in contrast to the
results of our prior group-level analyses, timescales are also correlated with strength and
participation coefficient when studied within and across individuals. These results emphasize
the importance of studying functional brain organization at the level of the individual, and build
on past work suggesting that timescales are correlated with regional degree in the structural
and functional connectivity networks of many individuals (Fallon et al., 2020; Shinn et al,,
2021). More generally, they provide additional evidence that hub regions with extensive
connectivity tend to have long timescales, consistent with their putative role in integrating
information from diverse brain areas both within their own network modules and across the
brain as a whole. In contrast, our new results indicate that diverse functional connectivity may
be associated with shorter timescales. This suggests that connector regions—which have
previously been suggested to play an important role in coordinating activity and shaping
functional interactions among other brain areas (Bertolero et al., 2015, 2018)—may have
relatively less stable dynamics. That said, we note that while the positive correlation between
timescales and within-module degree has now been replicated in three different datasets (and
in both group-level and single subject analyses), our finding that timescales are correlated with
strength and participation coefficient should be considered preliminary until these
relationships can be replicated in a second dataset.

This study has limitations. First, while we did find preliminary evidence that stroke patients
exhibit non-systematic alterations in strength and participation coefficient relative to healthy
individuals, we have no way to know whether these differences are actually the result of focal
damage to subcortical gray matter and axonal pathways. For example, these differences might
be due to other types of pathology which are common in stroke patients, such as hypertension,
diabetes, high cholesterol, or chronic ischemia due to cerebrovascular disease. Put crudely, the
fact that we observe differences in neurophysiological measures between neurological patients
and healthy individuals should not come as a surprise, and additional work is needed to
establish precisely which factors contribute to these differences. Second, the absence of
evidence must not be taken as evidence of absence. Many of our analyses produced null effects,

2 As noted in Chapter 1: “the relationship between timescale and FC PC was significantly weaker than the relationship
with FC WD at multiple scales” (pg. 19). Similarly, unreported effect comparisons for the results from Chapter 2 found
that the relationship between the primary gradient and FC WD was significantly stronger than the relationship with
strength or FC PC.
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but additional work is needed to establish whether, for example, there is truly no difference in
timescale disruption indices between patients and healthy individuals. Similarly, formal effect
comparisons would be needed to determine whether strength and participation coefficient
show greater alterations than timescale and within-module degree, and so we are unable to say
that patients show differences in some measures but not others (only that we find evidence for
some effects, but not others). Third, we did not account for differences in age or sex when
comparing timescales or topological properties between patients and healthy participants,
though we note that ages are relatively well matched between groups.
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Conclusion

Across three chapters, I used both hypothesis-based and data-driven analyses to investigate
how intrinsic dynamics vary across different areas of the human brain, as well as how different
aspects of these dynamics are related to other features of brain structure and function. While
the results of these studies provide new insight into multiple aspects of functional brain
organization, together they suggest three broad conclusions.

First, I demonstrate that while cortical timescales estimated from resting BOLD fMRI are
largely consistent across datasets and analytic methods, they depart at least to some extent
from canonical axes of cortical organization. In particular, while timescales do appear to
lengthen from primary sensorimotor areas to heteromodal association regions, limbic and
paralimbic areas actually exhibit the shortest rather than longest timescales. This raises
important questions about whether regional differences in BOLD timescales reflect underlying
differences in neural timescales versus other factors (neurophysiological or artefactual). Studies
which have directly compared BOLD timescales to electrophysiological timescales have
generally found good correspondence, but more work is needed on this topic, especially as an
increasing number of studies seek to use BOLD timescales to study individual differences in
functional brain organization. Additional work is also needed to further establish the relevance
of BOLD timescales to cognition and behavior in health and disease.

Second, I demonstrate that regardless of their correspondence with underlying
electrophysiological dynamics, BOLD timescales show robust relationships to multiple features
of structural and functional network topology. In particular, I replicate prior reports that
regions with extensive structural connectivity tend to exhibit longer timescales, consistent with
their putative role in integrating signals across many other brain areas. I show for the first time
that BOLD timescales are also correlated with topological measures which consider the modular
organization of brain networks. In group-level analyses, I find that longer timescales are
associated with extensive functional connectivity to other areas in the same network module,
and diverse structural connectivity to regions in other modules. These effects replicate across
multiple data sets. I additionally show that the relationship between timescales and
within-module functional connectivity also exists within individual participants and in
individual cortical areas across participants. Further, single-subject analyses suggest that
timescales are also associated with global connectivity and the degree to which each cortical
area acts as a “connector” between network modules. These latter results should be considered
preliminary until they are replicated, but emphasize the importance of studying functional
brain organization at the level of the individual. More generally, however, these results make a
significant contribution to our understanding of the relationship between brain connectivity
and dynamics.

Finally (but no less significantly), I demonstrate the importance of considering the myriad ways
in which intrinsic dynamics can vary between brain areas. In particular, I show that in addition
to varying in the timescale over which their intrinsic activity fluctuates, cortical areas also differ
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in the extent to which distributional features (variance and kurtosis) tend to increase (or to a
lesser extent, decrease) over the course of a resting scan. Further, I show that this novel axis of
dynamical variation is more strongly associated with anatomical and information processing
hierarchies, while timescales—in line with the results from my other analyses—show a
stronger association with the connectomic properties of each region. Critically, the changes in
variance and kurtosis I identify in my data-driven analysis are fundamentally different from
timescale insofar as they capture a particular pattern of change over time, whereas timescales
are agnostic to the arrow of time. As such, we hypothesize that they may reflect the dynamics of
arousal and cognition during the resting state. Further work is needed to evaluate this
hypothesis.
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