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Abstract
The human brain exhibits a complex and multiscale dynamical structure, from microscopic cellular crosstalk
to macroscopic networks. While complex systems science offers a plethora of analytical tools, brain dy-
namics are typically explored with only a few hand-picked statistics. This thesis quantifies the brain’s in-
tricate dynamical structure by integrating methods from complex systems analysis into a systematic and
interpretable framework for comparing across measures sensitive to different aspects of neural activity.
Chapter 2 introduces time-series feature analysis through the lens of information theory, bridging distinct
measures with common notation and terminology. Chapter 3 introduces and applies the Python library,
pyspi, to time-series classification problems (including neuroimaging datasets) to uncover the most salient
features for a given task. Building on this foundation, Chapters 4–7 apply these highly comparative meth-
ods to compelling questions in modern neuroscience. Chapter 4 comprehensively evaluates measures of
inter-areal coupling to characterize its potential role in conscious visual perception. Chapter 5 expands the
scope to integrate local activity and pairwise interactions in studying neuropsychiatric disorders, supporting
the continued use of linear measures while underscoring the importance of multiscale approaches. Chap-
ter 6 probes functional, structural, and molecular correlates of homotopic connectivity, a robust property of
inter-hemispheric network architecture. Finally, Chapter 7 extends this framework to systematically com-
pare algorithms that capture overlapping communities in the structural connectome to test new biological
hypotheses. Collectively, this thesis presents a highly comparative framework for capturing the complex and
multiscale dynamical structure of the human brain. This work points to exciting future directions in fields
from lifespan development to personalized medicine in an era of expanding openly available data.
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1
Introduction

Sometimes I’ll start a [thesis] and I don’t even know where it’s going, I just hope I find it along the way.
Michael Scott, The Office, Season 5 Episode 12

This chapter serves as an introduction to this thesis, beginning with an overview of a standard example
neuroimaging analysis pipeline and an orientation to the spatial and temporal scales of brain structure
and function. I then introduce a more general view of the brain as a complex system, which provides a
framework for understanding the brain’s dynamical structure and how it can be quantified using a variety of
statistical measures. This motivates the development and application of a highly comparative approach that
enables the systematic evaluation of different representations of brain structure and function, which is the
central theme of this thesis. To methodologically anchor this approach, I briefly review the key neuroimaging
modalities used in this thesis and how each can be used to capture brain structure and function at different
spatial and temporal scales. In parallel, I also review the importance of methodological parsimony and
accessible scientific communication throughout the thesis, which comprise key components of the highly
comparative approach. At the conclusion of this chapter, I outline the aims of this thesis and the rationale
for its organization, which is primarily structured around a series of manuscripts that each contribute to the
overarching theme of quantifying dynamical properties of brain activity using complex systems analysis.
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Chapter 1 Annie Gilmore Bryant

1.1 STANDARD FUNCTIONAL IMAGING ANALYSIS PIPELINE

Consider a researcher interested in studying the brain’s structure and function using neuroimaging data.
This researcher has access to a neuroimaging dataset, which contains time series data from multiple brain
regions across many participants. Perhaps the researcher seeks to investigate how inter-hemispheric syn-
chrony develops throughout the lifespan, or how protein aggregation in neurodegenerative disease disrupts
network function, or how a particular neurotrophic factor facilitates multiscale changes to brain connectivity.
Regardless of the specific topic, the researcher may seek a way to analyze the neuroimaging data in a
way that captures the brain’s ‘dynamical structure’—that is, the activity of the brain evolving over time—and
how it relates to the research question at hand. Typically, one might begin by discretizing the brain into
‘regions’ according to an atlas based on function, anatomy, and/or cytoarchitecture [1–3]. In this case, for
whichever imaging modality is used, the methodological process will probably look something like this (after
performing the requisite preprocessing steps to spatially normalize and remove artifacts and noise, such as
head motion, physiological noise, and scanner drift):

Figure 1.1.1: The general form for traditional approaches to addressing a research question of interest, de-
picted schematically for illustrative purposes. A. After preprocessing, the first step is to delineate regions of
interest in the brain, which can be done using a parcellation or segmentation atlas. B. For each parcel/region, the
time series of activity is extracted, typically by averaging the signal across all voxels or vertices in that region. C.
The set of regional time series forms a multivariate time series (MTS), which can be represented as a tabular matrix
with regions as rows and time points as columns. D. Local dynamics may be quantified by focusing on the activity
of each region individually, using measures like the fractional amplitude of low-frequency fluctuations (fALFF) [4, 5],
regional homogeneity (ReHo) [6], voxel-mirrored homotopic connectivity (VMHC) [7], or intrinsic timescale (typically,
the decay constant of the linear autocorrelation function) [8, 9]. E. Alternatively, the functional connectivity between
regions can be assessed, usually by computing the Pearson correlation coefficient between the time series of each
pair of regions [10, 11].

First, the researcher may parcellate the cortex and/or segment subcortical structures into regions of interest
according to a given atlas, as depicted in Fig. 1.1.1A. From these regions, the researcher then extracts the
voxel- (or vertex-) averaged time series, which yields a univariate time series for each region, as shown in
Fig. 1.1.1B. The set of time series for all regions then comprises a multivariate time series (MTS) matrix,
as shown in Fig. 1.1.1C, with each row corresponding to a region and each column corresponding to a
time point. There are many different ways to represent and analyze the brain’s dynamical structure from
this resulting MTS, and the choice of which to use is often determined by the specific research question at
hand. For example, as shown in Fig. 1.1.1D the researcher might partition the MTS into single-region time
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series and measure the spontaneous low-frequency fluctuations in each region using a standard measure
like the fractional amplitude of low-frequency fluctuations (fALFF) [4, 5], regional homogeneity (ReHo) [6],
voxel-mirrored homotopic connectivity (VMHC) [7], or intrinsic timescale (typically, the decay constant of the
linear autocorrelation function) [8, 9]. Alternatively, as shown in Fig. 1.1.1E, the researcher might compute
the pairwise functional connectivity (FC) between regions, which is typically done by computing the Pearson
correlation coefficient between each pair of time series [10, 11].

Figure 1.1.2: Statistical analysis of brain-imaging data typically only explores the tip of the iceberg. Measures
that are often used in structural and functional neuroimaging analysis form important components in the repertoire
of tools for quantifying brain activity and connectivity. However, they are only a small subset of the many possible
measures that can capture unique aspects of the brain’s dynamics—analogous to the tip of an iceberg floating above
the waterline, with the bulk of the iceberg remaining below the surface. Iceberg image adapted from Adobe Stock
Image #1256896566 by user vesvocrea (licensed under Adobe Education License).

Often, functional neuroimaging studies will only explore the tip of the metaphorical ‘iceberg’ of methods
with which to capture the complex dynamical structure of the brain, as depicted in Fig. 1.1.2. There are
thousands of statistical measures that can capture unique properties of activity within a brain area (i.e., local
dynamics), coupling between pairs of brain areas (i.e., pairwise interactions), or network-level community
dynamics from distributed (pairwise interaction-based) graphs [12]. However, historically, the combination of
disciplinary silos and logistical challenges with algorithmic implementation meant that only a small handful
of measures were used in practice, and seldom with any systematic comparison. As a result, the vast
majority of measures that could be used to capture the brain’s dynamical structure have not been explored
in standard neuroimaging analyses, and the choice of which measure to use is usually made manually
based on heuristics or literature conventions. Until very recently, only a handful of studies directly compared
across measures for functional connectivity—or, less commonly, local regional dynamics—and the set of
statistics examined was generally limited in scope [13–15]. Many applications, from basic neuroscience
to translational research, could greatly benefit from a more systematic and comprehensive approach to
quantifying the brain’s dynamical structure. In this thesis, I aim to address this gap with two key approaches:
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(1) zooming out and viewing the brain as a complex system; and (2) parsing currently disparate literature
to streamline information about what measures are out there and why/when/how to use them. In order
to appreciate the rich tapestry of neural structures and interactions that give rise to the brain’s complex
dynamics, I will begin by briefly reviewing the relevant scales of brain structure and function, as well as the
key neuroimaging modalities used in this thesis.

1.2 THE BRAIN AS A COMPLEX SYSTEM: SCALES AND HIERARCHIES

1.2.1 SPATIAL SCALES IN THE BRAIN

The brain exhibits multiple complex hierarchies, with linear and nonlinear interactions that are orchestrated
across spatial and temporal scales [16–18]. We begin by first considering the spatial continuum along
which we can describe and analyze the brain’s structure and function. As depicted in Fig. 1.2.1, the brain’s
intricate spatial architecture can be decomposed into ‘microscale’ components, such as individual neurons
and synapses, which are organized into ‘mesoscale’ local circuits and networks, and finally into ‘macroscale’
large-scale brain systems. While the work presented in this thesis focuses primarily on the macroscopic
level (i.e., brain regions and their interactions within macroscale networks), it is important to acknowledge
the contributions of the microscopic and mesoscopic levels to our understanding of brain function. Moreover,
the methods and principles introduced in this thesis can be applied to data at all spatial scales, from the
microscopic level of single-neuron activity to the macroscopic level of whole-brain networks.
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Figure 1.2.1: The brain exhibits a range of spatial scales, from single cells up to distributed networks. The
brain’s spatial scales can be broadly organized into three levels: Microscale, which encompasses individual cells
(including neurons, glial cells, and vascular cells) and can be probed using techniques like microelectrode arrays or
two-photon microscopy; Mesoscale, which includes ensembles of neurons that form nuclei or local circuits, and can
be studied using techniques like calcium imaging, electrode arrays, electrocorticography (ECoG), or Nissl staining
for laminar structure; Macroscale, which involves larger brain regions and distributed networks, and can be investi-
gated using techniques like structural/functional magnetic resonance imaging (MRI), positron emission tomography
(PET), magnetoencephalography (MEG), or electroencephalography (EEG). Microscale cell types image adapted
from Adobe Stock Image #189041780 by user achiichiii (licensed under Adobe Education License).

1.2.2 ZOOMING OUT TO VIEW THE BRAIN AS A COMPLEX SYSTEM

The plethora of ways to quantify and analyze the brain’s dynamical structure speaks to its membership in
the constellation of complex systems, meaning a system comprised of individual components, each exhibit-
ing its own distinctive activity patterns, with dynamic and nonlinear interactions among components [19].
In the context of the brain’s spatial scales, the individual neurons (microscale) organize into local circuits
(mesoscale) that exhibit localized firing dynamics, which collectively shape macroscale network interac-
tions that contribute to behaviors like perception or emotion [20]. From this perspective, the brain can be
conceptually mapped in the same way as systems across diverse domains, as depicted schematically in
Fig. 1.2.2A(i). Other such complex systems include economics, where individual consumers, government
regulations, and international trading yield broader trends like growth or recession (Fig. 1.2.2A[ii]); social
networks, where friends, family, and coworkers form community groups (Fig. 1.2.2A[iii]); and ecological food
webs, where individual species interact with each other and the environment to form complex ecosystems
(Fig. 1.2.2A[iv]). As with other types of complex systems, the brain’s activity evolves over time in a structured
and non-random way, even without any externally evoked dynamics.
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Figure 1.2.2: The brain is a specific type of a more general class of complex systems. A. The general form
of a complex system comprises a set of nodes, each with its own local dynamics, that collectively exhibit nonlinear
interactions (represented as edges) which give rise to emergent global behaviors. (i) The brain is a complex system
with nodes representing brain regions, with multiple types of interactions between them spanning spatial and temporal
scales. Other examples of complex systems include (ii) economics, (iii) social networks, and (iv) an ecological food
web. Importantly, in each system, the components may represent concrete physical entities (e.g., neurons, people,
or members of different species) or abstract processes (e.g., international trade, environmental fluctuations, or gov-
ernmental regulations). B. In each case, when the activity of the constituent components is measured over time, the
system dynamics can be represented in the form of a multivariate time series (MTS) matrix.

By zooming out from neural-specific analytical conventions, we can abstract the brain’s dynamical structure
to a more generalized representation, examining how the internal trajectory evolves in the brain as a com-
plex system. The activity of each component, measured over time, can be represented as a multivariate
time series (MTS) matrix, as introduced above in Fig. 1.1.1C (Sec. 1.1). Here, each row corresponds to
an individual component (be it a region in a brain, a person in a social network, an economic indicator,
etc.) and each column corresponds to a time point, as depicted schematically in Fig. 1.2.2B. Measuring the
interactions within a distributed system presents a fundamental question in science, with a long history of
developing methods for quantifying such relationships—albeit, often isolated within disciplinary silos. For
example, economists capitalize on (no pun intended) the ‘cointegration’ of paired non-stationary1 time se-
ries, like financial indices and their associated future contracts in the stock market, to build econometric
models with significant coupling [21]. Over in the geosciences, pairwise causal models have been refined
for inferring underlying mechanisms of natural processes, like atmospheric factors driving air circulation [22]
and the influence of sea-surface temperature on anchovy and sardine populations [23]. Collectively, this
brings us to the crux of the thesis: How can we invoke the wealth of statistical methods developed
across an interdisciplinary landscape to better understand the brain as a complex system? And how
can we do so in a way that prioritizes methodological parsimony and biological interpretability?

1A non-stationary process exhibits statistical properties that change over time, such as mean or variance.
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As with any complex system, activity within and between components can be meaningfully analyzed at
different levels of granularity. We can concretely anchor the local dynamics and pairwise coupling between
regions along a graded spectrum that describes the number of components considered, as depicted in
Fig. 1.2.3—from one in the case of local dynamics, to two in the case of pairwise coupling, and many in the
case of distributed interactions. In this thesis, for distributed interactions, I focus on networks constructed
from pairwise adjacency matrices—though I note there are many other ways to represent distributed dy-
namics beyond those discussed here, such as examining higher-order interactions among three or more
brain areas at once [24–26]. Moreover, while this thesis focuses on contiguous brain regions with dis-
crete boundaries, these principles of topological interaction can also flexibly extend to spatially distributed
modes, extracted as components based on geometric embedding [27, 28], structural connectivity [29], or
dimensionality reduction techniques [30, 31].

Figure 1.2.3: The brain’s dynamical structure unfolds in a multiscale framework of interactions spanning
different levels of component granularity. We can organize the brain’s dynamical structure based on the granularity
of the activity within and between its components, roughly into three scales: Local, which focuses on the intrinsic
dynamics of an individual region or cell, such as the firing rate of a neuron or the activity of a brain region; Pairwise,
which considers the interaction between a pair of regions or cells, such as the correlation between the activity of two
neurons or the functional connectivity between two brain regions; and Distributed, which encompasses the overall
structure emerging from the pairwise interactions across many regions or cells, like global (i.e., brain-wide) functional
connectivity or collective dynamics across a network of neurons.

Each of the aforementioned levels of component granularity can be analyzed independently to yield mean-
ingful insights into the brain’s structure and function. For each brain region, its local dynamics are collectively
shaped by (and in turn shape) its bidirectional interactions with the functional network in which it is embed-
ded [2, 32–34]. Emerging evidence suggests that combining properties of resting-state activity that span
both local dynamics and pairwise coupling can synergistically provide more information about the brain’s
structure and function than either representation on its own [35–39]. Methods for combining properties
of structure and/or function across scales range from simple feature concatenation to more nuanced data
fusion techniques [40, 41]. In the comparative spirit of this thesis, I will demonstrate how bridging across
these levels of component granularity provides unique and informative insights into brain function in both
health and disease. I will begin with the local dynamics of each region (i.e., the activity of a single region
in isolation) and then move on to pairwise interactions between regions, which encompasses the coupling
between two regions. Finally, I will discuss distributed interactions, which captures the collective activity
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of many regions across a network. In each case, I will briefly summarize the typical measure(s) used to
capture the dynamics at that scale to provide context for the highly comparative approach taken in this
thesis.

1.2.3 LOCAL DYNAMICS IN THE BRAIN

‘Local dynamics’ refers to the activitzy of a single brain unit (region, voxel, cortical column, etc.) sam-
pled over time, such as the resting-state activity of an individual’s hippocampus or oscillatory activity of
the primary visual cortex. In this thesis, I focus on the macroscale end of local dynamics, correspond-
ing to contiguous brain regions—which can be defined practically as a set of voxels (or vertices) that are
spatially adjacent to each other and share a common boundary based on a given parcellation scheme.
There are a variety of physiological mechanisms governing the local dynamics of a brain region, includ-
ing synaptic activity, neuromodulatory signaling, and intrinsic oscillatory activity of neuronal populations
within that region [32]. Focusing on local dynamics can yield brain-wide maps of activity properties in
health and disease, which offers a spatially interpretable way to quantify and visualize regional dynamics
in contexts ranging from targeted brain stimulation [42, 43] to localized disruptions in diverse neurological
disorders [44–46]. Depending on the imaging modality and question at hand, a researcher could focus on
a single property of the activity in a single region, or scale up to multiple properties of activity in a single
region, or even multiple properties of activity across multiple regions. In any of these cases, of the plethora
of measures that could capture local dynamics, the choice of which to use is often made manually based
on heuristics and/or literature conventions—typically constrained to measures like the fractional amplitude
of low-frequency fluctuations (fALFF) [4, 5], regional homogeneity (ReHo) [6], or voxel-mirrored homotopic
connectivity (VMHC) [7].

1.2.4 PAIRWISE CONNECTIVITY IN THE BRAIN

In addition to the local dynamics of a single brain region, we can also consider pairwise functional connec-
tivity, meaning the statistical dependency between activity time series measured from two brain regions [47].
We can also represent the brain’s physical architecture through pairwise structural connectivity, estimated
using tractography applied to diffusion-weighted imaging (DWI, discussed in more detail in Sec. 1.3.1).
While not all structural and/or functional connections reflect direct monosynaptic axonal projections, there
is an overall positive association between structural and functional connectivity, meaning that regions with
more axonal connections are likely to exhibit stronger functional coupling [48, 49]. Functional connectivity
between two regions can arise from multiple physiological mechanisms, including shared afferent inputs
or efferent targets, as well as bidirectional anatomical connections [50–52]. Most resting-state functional
neuroimaging studies have examined functional connectivity between pairs of brain regions by computing
the Pearson correlation coefficient [10, 11, 53], a zero-lag cross-correlation that is exclusively sensitive
to linear interactions between two time series. In contrast to functional connectivity, the ways to capture
structural connectivity are constrained to (probabilistically) estimating the number of streamlines physically
connecting the two regions, which in turn represents the number of axonal fiber bundles connecting the two
regions.
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1.2.5 DISTRIBUTED NETWORKS FORMED FROM PAIRWISE INTERACTIONS

Structural and functional connectivity can both be investigated in a single region–region pair, which is par-
ticularly useful in the context of a specific hypothesis about a given biological pathway. However, it is also
often informative to consider the interactions between many region–region pairs altogether, which can be
represented as a distributed network of pairwise interactions [54]. This representation opens the door to a
variety of sophisticated yet interpretable analytical techniques deriving from network science and graph the-
ory that capture unique aspects of both local and global brain organization. While structural and functional
connectivity arise from different physiological mechanisms—anatomical connections versus correlated ac-
tivity, respectively—they can both be represented as networks, in which brain regions are the nodes and
the connections between them (structural or functional) form the edges [55, 56]. These connectomic net-
works are often directly compared to study the associations between brain structure and function, and
how such associations can be disrupted across disease settings [57–60]. While functional connectivity is
generally computed as a measure of pairwise dependence between two regions, one could extend this to
encapsulate higher-order dependencies, such as triplet or quartet interactions [24–26]. By contrast, since
a white-matter fiber bundle intrinsically innervates two regions, structural connectivity is almost exclusively
represented through pairwise adjacency matrices that may be weighted by the number of fibers connecting
each region–region pair.

For both structural and functional connectivity, the resulting distributed network can be represented as
an adjacency matrix, which can be too high-dimensional to meaningfully analyze directly. In practice, to
distill biological inferences about structural or functional connectivity in a given participant (or group of
participants), researchers often apply a community detection algorithm to the pairwise connectivity matrix—
which identifies groups of nodes that are more densely connected to each other than to the rest of the
network (i.e., forming ‘communities’). Such community detection analysis offers insights into the underlying
organization of the brain’s network structure and enables statistical analysis of nodal embedding within
the topological network, using measures like ‘participation coefficient’ or ‘within-module degree’ [57, 61,
62]. There are many algorithms conducive to this type of analysis, such as the Louvain method [63],
which is the most widely used community-detection method in network neuroscience [64]. The Louvain
algorithm seeks the optimal non-overlapping division of the network into mutually exclusive communities,
with ‘non-overlapping’ meaning that each node (region) is assigned to a single community. This method
is consistent with evidence for structural [65] and functional [66] specialization within different corners of
the brain (e.g., the visual cortex is principally involved in processing visual information [67], while the motor
cortex is geared toward motor control [68]). However, a non-overlapping partition of a given structural
or functional network may not accurately reflect the underlying connectivity structure [69, 70], particularly
in the case of transmodal cortical association areas that are flexibly involved in multifaceted information
processing [71, 72].

1.2.6 THIS GENERALIZED REPRESENTATION OPENS THE DOOR TO HIGHLY-COMPARATIVE
ANALYSIS

Even within each level of component granularity (e.g., local activity or pairwise coupling), many different
statistical representations have been developed to capture some aspect of dynamical structure, each with
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its own strengths and weaknesses. Prior work indicates that resting-state functional magnetic resonance
imaging in particular (fMRI, introduced in more detail in Sec. 1.3.2 of this chapter) is primarily sensitive
to macroscopically linear interactions owing to a combination of factors, including low temporal resolution
and minimal dynamical perturbations from a fixed point equilibrium [73–75]. Similarly, it has been posited
that resting-state fMRI is too noisy and poorly sampled in time to justify more sophisticated time-series
analysis methods (e.g., those applied to imaging modalities with higher temporal resolution) [76–78]. While
this suggests that the Pearson correlation coefficient is generally well-suited to capture interactions from
resting-state fMRI [79, 80], the statistic also makes strong assumptions about the data—including that the
joint bivariate distribution is Gaussian [81]—which may not always hold across imaging modalities [11, 82].

Without systematic comparison to alternative methods, it is difficult to determine whether the Pearson cor-
relation coefficient is the most appropriate method for a given dataset and research question; indeed, re-
cent data-driven analyses of resting-state fMRI have highlighted the utility of exploring beyond standard
linear time-series analysis for both intra-regional [83] and inter-regional dynamics [13, 84]. Prior to the
work presented in this thesis, recent work has suggested that time-series measures developed outside of
neuroscience can yield meaningful insights into brain function—such as dynamic time warping, which is
increasingly applied to capture patterns in resting-state fMRI activity [85–87] despite its origins in spoken
word recognition [88]. While these analyses investigated a small curated subset of time-series measures,
they underscore the potential benefits of venturing beyond the conventional measures used in neuroimaging
to explore a wider range of time-series statistics.

In recent years, hundreds to thousands of time-series measures have been organized and implemented in
cohesive code-based libraries, such as the hctsa library [89, 90] and related catch22 library [91] for local
activity and the pyspi library for pairwise interactions [92]. The goal with each of these libraries is to encap-
sulate a very large range of statistical approaches to summarize dynamical patterns of activity in a given
multivariate time series, in the form of comprehensive feature vectors. Crucially, the unified algorithmic im-
plementations in these libraries enable the systematic comparison of different representations of dynamical
structure, which would otherwise be impractical to apply piecemeal—thus opening up a large repertoire
of methods with which we can quantify brain activity across different levels of component granularity. For
example, the hctsa library collates thousands of univariate time-series features from across the time-series
literature, including those that capture aspects of predictability, stationarity, variability, and the scaling of
fluctuations across different timescales [89, 90]. Similarly, the pyspi library unifies hundreds of statistics
of pairwise interactions, such as those which capture instantaneous or time-delayed responses, linear or
nonlinear interactions, and condition on the past or allow for non-constant delays [92]; the development and
first application of this library comprises Chapter 3 of this thesis. Mounting evidence collectively suggests
that such highly comparative methods can yield meaningful insights into the brain’s dynamical structure,
both in terms of local activity and pairwise interactions, as well as distributed networks formed from pair-
wise interactions. For example, novel methods have elucidated important principles of macroscopic brain
organization, in applications from accurately tracking independent biological gradients [83] to distinguishing
experienced meditators from controls [30] to classifying stimulation experiments in mice [42, 43].

In addition to functional neuroimaging, highly comparative methods can also yield meaningful insights into
macroscale properties of structural connectivity when applied to diffusion-weighted imaging data (DWI, as
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introduced in Sec. 1.3.1 of this introductory chapter). Community detection algorithms (e.g., the Louvain
method [63]) are often applied to structural connectivity networks to infer the modular organization of the
brain’s physical wiring. While these methods constrain each node (e.g., region) to participate in a singu-
lar community, recent years have seen the development of overlapping community detection algorithms
(OCDAs) that allow nodes to belong to multiple communities—which can more organically capture the hi-
erarchical and overlapping nature of brain organization [69, 70]. Amidst this growing variety of algorithmic
choices, it is often unclear which OCDA is most appropriate for a given dataset and research question, par-
ticularly since each algorithm makes different assumptions about how communities and overlapping nodes
are defined. The ‘no free lunch’ theorem [93] states that no single algorithm can perform optimally on all
possible data, and community detection methods are no exception [94, 95].

In the present thesis, I will implement a highly comparative approach with both structural and functional neu-
roimaging modalities to systematically compare a wide range of measures that capture different aspects of
the brain’s dynamical structure, with applications to both basic and translational neuroscience. This compre-
hensive methodological approach stands in contrast to the more subjective (or, perhaps, hypothesis-driven)
conventional approach of selecting a single method for analyzing a given neuroimaging dataset, as intro-
duced at the start of this introductory chapter. In the chapters of this thesis, we build upon emerging work to
develop and/or apply highly comparative methods to a wide range of neuroimaging datasets, including both
structural and functional data, and across multiple levels of component granularity, from local (one compo-
nent) to pairwise (two components) to distributed networks (constructed from pairwise interactions across
many components). This approach directly enables the systematic comparison of many different represen-
tations of the brain’s dynamical structure to identify the most informative and interpretable measures for a
given research question, with applications ranging from consciousness to inter-hemispheric synchronization
to neuropsychiatric disorders. Collectively, these steps start to bridge the critical gap between interdisci-
plinary theory in complex systems and practical applications for human neuroimaging analysis, which forms
the central theme of this thesis.

1.3 AN OVERVIEW OF THE NEUROIMAGING MODALITIES EXAMINED IN
THIS THESIS

Neuroimaging is a powerful tool for visualizing and quantifying the brain’s structure and function, offering a
window into the nuanced activity within and communication between different brain areas. While there are
invasive modalities that require physical tissue resection and/or implantation of recording devices, in this
thesis, I focus on non-invasive imaging techniques to capture distinct aspects of macroscale brain structure
and function. Each neuroimaging modality involves different acquisition parameters and timescales that
render them suitable for different aspects of visualizing and analyzing brain structure and function. In this
section, I will briefly review the key neuroimaging modalities used in this thesis, focusing on their spatial and
temporal scales, and how they can be used to capture different aspects of brain structure and function.
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1.3.1 KEY STRUCTURAL NEUROIMAGING MODALITIES

Magnetic resonance imaging (MRI) forms the basis for most of the work presented in this thesis, so I will
begin with a brief review of different types of MRI, before introducing other relevant imaging modalities.
MRI is a non-invasive imaging technique that applies a strong magnetic field together with radiofrequency
pulses to reconstruct detailed images of the brain’s structure. There are also functional variants of MRI,
though due to the trade-off between spatial and temporal resolution, functional MRI generally exhibits lower
spatial resolution than structural MRI [96]. MRI exploits the intrinsic magnetic properties of protons in
different biological tissues, each of which exhibits a unique ‘signature’ of relaxation times—thus enabling
the differentiation of tissue types based on proton relaxation [97, 98]. Importantly, MRI is a cornerstone of
both basic and translational neuroscience research, offering multifaceted insights into brain structure and
function without any radiation exposure or injection of contrast agents (unless specifically required for a
given perfusion or angiography sequence).

T1-weighted MRI

A typical research neuroimaging study will include a T1-weighted sequence, which derives its contrast (i.e.,
the distinction between different tissue types) based on the spin angle of the hydrogen protons in water
molecules, which at baseline are randomly oriented [97, 98]. Once a patient or participant enters the
scanner, the scanner applies a magnetic field (called the ‘B0’ field) and a subsequent radiofrequency pulse
that causes the protons to align and spin along an axis parallel to the magnetic field. After a brief period, the
scanner measures the amount of energy the protons release as they relax, which is directly proportional
to the time it takes for them to return to their original orientation—known as the T1 relaxation time. The
anatomical volume is then reconstructed from the T1 relaxation time in each voxel, which will then undergo
several phases of preprocessing, including field map correction, motion adjustment, tissue segmentation,
and alignment to a standard template space. Subsequent functional imaging acquisitions are aligned to
the individual’s ‘native-space’ T1-weighted MRI as an intermediate point of reference, which can then be
parcellated in native-space or transformed to a standard-space (e.g., MNI-152 [99]) before parcellation.

Diffusion-weighted imaging (DWI)

Diffusion-weighted imaging (DWI) is a specialized MRI technique that measures how freely water can move
in different areas of the brain, providing insights into microstructural properties of the brain parenchyma [100,
101]. Specifically, DWI derives its contrast from the Brownian motion of water molecules, which varies dra-
matically across different tissue types—for example, water can move more freely in CSF than in gray matter,
particularly compared to tumors or infarcts. DWI is particularly useful for mapping white matter architecture
in the brain, which is comprised of myelinated axons that innervate different cortical and subcortical regions.
In the related diffusion tractography imaging (DTI), the diffusion of water molecules is measured in multiple
directions across the three-dimensional volume of the brain, enabling reconstruction of the orientation and
integrity of white-matter tracts. This modality is often used to study the brain’s structural connectivity—
which refers to the physical connections between different brain regions—in tandem with a preprocessed
T1-weighted volume, enabling the estimation of fibers connecting specific pairs of regions [102]. In chap-
ter 7, we use DWI data to estimate the right-hemisphere structural connectome across a large cohort of

12



Chapter 1 Annie Gilmore Bryant

healthy participants (N = 973), which we then use to compare the ability of different overlapping commu-
nity detection algorithms (OCDAs) to recover the modular organization of anatomical connections between
brain regions.

1.3.2 KEY FUNCTIONAL NEUROIMAGING MODALITIES

Functional magnetic resonance imaging (fMRI)

Functional magnetic resonance imaging (fMRI) measures the blood oxygen level-dependent (BOLD) signal,
which measures the ratio of deoxygenated to oxygenated hemoglobin driven by localized changes to brain
oxygenation and blood flow [103, 104]. These processes are spatially and temporally coupled to neuronal
activity via a phenomenon called neurovascular coupling, in which the onset of neural activity in a given
region increases the metabolic demand for oxygen and glucose, such that more oxygen is shuttled from
the blood vessels out to the parenchyma [105]. This causes an initial increase in the relative amount
of deoxygenated hemoglobin remaining in the blood that induces a change in magnetic properties of the
blood that can be detected by the scanner. With sustained neural activity, there is increased blood flow
through vasodilation (i.e., increased diameter of blood vessels), which brings more oxygenated hemoglobin
to the region, such that the ratio of deoxygenated hemoglobin decreases. This change in the ratio of
deoxygenated to oxygenated hemoglobin is referred to as the BOLD signal, which the scanner measures
over time to yield a time series of BOLD activity for each voxel in the brain. Importantly, the BOLD signal
is not a direct measure of neuronal activity, but rather a proxy that is separated from the underlying neural
activity by several steps that span multiple seconds due to the hemodynamic response function (HRF) [106].
BOLD fMRI can be used to investigate both resting-state brain dynamics and task-evoked responses; this
thesis focuses almost exclusively on the resting-state condition for fMRI (in Chapters 2, 5, and 6), with the
exception of one naturalistic movie-viewing setting in Chapter 3.

Magnetoencephalography (MEG)

Magnetoencephalography (MEG) is a functional neuroimaging modality that uses magnetometers to detect
the magnetic field generated by neural activity, providing millisecond-level temporal resolution of activity
(aggregated across tens of thousands of neurons per channel) [107]. While fMRI provides a proxy of
neural activity via changes in blood flow, MEG directly measures oscillatory electrical activity in the brain
with improved temporal resolution (at the expense of spatial resolution) [108]. Physiologically, the primary
source of MEG signal is slow, synchronized excitatory postsynaptic potentials (EPSPs) in large populations
of synchronously active pyramidal neurons, mainly in cortical layer 5 [109, 110]. These pyramidal neurons
are long and aligned in parallel along cortical columns, and the EPSPs generate current flow along their
dendrites. MEG is sensitive to the tangential component of these currents, making it maximally sensitive at
sulcal walls (i.e., where pyramidal neurons are aligned perpendicular to the skull surface). While a signal
can be obtained from anywhere in the cerebrum, physics inherently limits the depth from which reliable
signals may be captured. In other words, the signal-to-noise ratio (SNR) decreases exponentially with
depth into the brain due to the increasing distance between the neural magnetic current generators and
the external MEG sensors [107], owing to factors including signal attenuation and field spread. As a result,
MEG is most sensitive to superficial cortical structures (e.g., upper parts of gyri and sulci), whereas signal
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from deeper areas (e.g., subcortical gray matter structures and the brainstem) is more difficult to resolve—
though still possible with advancements in preprocessing techniques [111]. Given the relative advantages
and limitations of temporal and spatial resolution, respectively, MEG is particularly well-suited to examine
task-evoked responses in larger (and more superficial) cortical areas.

In Chapter 4 of this thesis, we use MEG data to compare the performance of a wide range of functional con-
nectivity measures (from the pyspi library, introduced in Chapter 3) in distinguishing between consciously
perceived visual stimuli, with the goal of identifying the most informative and interpretable measures that can
quantitatively evaluate theoretical models of consciousness. The high temporal resolution of MEG is vital
for this analysis in order to capture the rapid dynamics of neural activity that underlie conscious perception
of short (1-second) visual stimuli, unfolding on the scale of tens to hundreds of milliseconds.

Electroencephalography (EEG)

Electroencephalography (EEG) is a functional neuroimaging modality that uses electrodes placed at spe-
cific intervals along the scalp’s surface to measure electrical activity within the brain. As with MEG, EEG
measures millisecond-resolution neural activity generated by EPSPs in large populations of synchronously
active pyramidal neurons in the cerebral cortex [112, 113]. However, while MEG measures the magnetic
field generated by these EPSPs, EEG measures the difference in electrical potential detected by each active
electrode and a common ‘reference’ signal, either a physically placed electrode or a virtual reference based
on the average across all physical electrodes. EEG offers comparable temporal resolution to that of MEG,
but with lower spatial resolution owing to the reliance on physical electrodes, which in turn yield greater
distortion of the signal due to the skull and skin compartments [114]. However, EEG offers logistical advan-
tages over MEG, as it is considerably less expensive to set up, simpler to use, and more portable, vastly
improving its accessibility for both research and clinical applications. Both EEG and MEG suffer from the
‘inverse problem’, which refers to the challenge of inferring the underlying neural activity from the measured
signals (either electric or magnetic, respectively) on the scalp surface due to the superposition of signals
from multiple sources [115]. However, several advanced source reconstruction techniques have been de-
veloped to address this challenge, called ‘forward solutions’ [116], many of which use biophysically informed
models that incorporate measurements of the participant’s head position. These techniques include beam-
forming methods [117], which estimate the strength and location of the underlying neural sources based on
the empirically measured signal at the scalp surface.

In Chapter 3 of this thesis, we evaluate the full pyspi library on an EEG dataset acquired from a volunteer
participant attempting to move a cursor on a screen by modulating their brain activity toward cortical ‘up’
or ‘down’ states. This dataset provides an important point of comparison as the other neuroimaging case
study in this chapter examines BOLD fMRI, which exhibits a sampling frequency several orders of magnitude
lower than that of EEG. As a result, EEG time series may capture rapid fluctuations in neural activity (that
are not observable in fMRI) which may give rise to nonlinear and/or time-lagged pairwise interactions, such
that different statistical measures may be more or less appropriate for capturing the underlying dynamics.
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1.4 THE IMPORTANCE OF INTERPRETABILITY AND ACCESSIBLE COMMU-
NICATION

Having introduced the potential for tailoring methods from complex systems to compelling problems in mod-
ern neuroscience, I now focus on the importance of interpretability and accessible communication. This
is motivated by the need to make complex methods more approachable for a wider audience, including
researchers from other fields and those without formal training in statistics, mathematics, or physics. In the
following sections, I will outline how this thesis aims to achieve this through the combination of methodolog-
ical parsimony, visual interpretability, and interdisciplinary dialogue.

1.4.1 METHODOLOGICAL PARSIMONY AND INCREMENTAL COMPLEXITY ONLY AS NEEDED

In the context of this thesis, ‘methodological parsimony’ refers to the principle of using the simplest possi-
ble representation that sufficiently captures the underlying dynamical structure of the system being stud-
ied [118]—in this case, the brain. This principle is grounded in the notion that simpler models tend to be
more interpretable and easier to understand, which is especially important in the context of neuroscience,
where the goal is often to elucidate the mechanisms giving rise to both function and dysfunction [119–124].
With the growing sophistication of machine-learning algorithms in recent decades, there has been a ten-
dency to default to more complex statistical methods, many of which employ deep learning techniques that
can obscure their clear interpretation [124]. Such model complexity can lead to overfitting and poor gen-
eralizability on out-of-sample data [125], particularly in the context of neuroimaging, where the number of
features (e.g., voxels or regions) can far exceed the number of samples (e.g., participants) [126]. For exam-
ple, within the last five years, some studies have reported >90% accuracy in distinguishing neuropsychiatric
disorder patients from clinically healthy controls, largely by combining deep neural network approaches with
smaller sample sizes [127–131]. By contrast, two recent studies rigorously evaluated multiple different types
of classifiers for hundreds [132] or thousands [133] of participants with major depressive disorder or healthy
controls, finding in both cases that the maximum case–control classification accuracy did not surpass 65%.

Small sample sizes and complex classifiers can therefore lead to overestimated predictive performance,
which is problematic in scientific settings (such as neuropsychiatric disorders) in which understanding and
generalizability are paramount [124, 134]. Without any structured comparison to simpler methods, it is diffi-
cult to determine if and when such complexity is needed to achieve strong performance on a given problem
(e.g., case–control classification). Recent work has directly compared the performance of complex clas-
sifiers to simpler ones, finding that the latter can often match (or even outperform) the former in diverse
settings, including earthquake detection [135, 136], sleep-stage classification [137], and epilepsy identifica-
tion [138], while also being more interpretable and computationally efficient. This highlights the importance
of starting with a simple model and increasing complexity only as demonstrably needed. In the context
of this thesis, I have prioritized methodological parsimony by using simple linear classifiers and minimal
parameter tuning, with a focus on interpretability in both the methods and results.

Importantly, this does not mean that I have avoided complexity altogether; rather, I have sought to use
the simplest possible representation that sufficiently captures the underlying structure and function of the
system being studied. For example, in Chapter 5, we develop and implement a modular approach that intro-
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duces incremental complexity from individual brain regions up to integrated brain-wide maps that combine
local dynamics and pairwise interactions. Then, in Chapter 7, we develop a systematic approach to compre-
hensively compare different overlapping community detection algorithms (OCDAs) for structural connectivity
networks, which allows us to refine the most appropriate method for a given dataset and research question.
In both cases, there are simple methods that are typically used by default—for example, fALFF for local dy-
namics, Pearson correlation for pairwise interactions, and Louvain partition for distributed networks—which
form a baseline against which we can compare more complex methods. This leaves open the possibility
that the simplest approach may in fact be the most appropriate for a given dataset and research question,
while also allowing us to systematically evaluate the performance of more complex methods in a principled
way.

1.4.2 DATA VISUALIZATION: A HISTORICAL PERSPECTIVE

Throughout the work presented in this thesis, I have focused on data visualization as a means to clearly
unpack and interpret methods and results from analyzing the brain’s complex dynamical structure. Broadly
speaking, effective visualization is a powerful tool that facilitates data exploration, hypothesis testing, and
communication of results. An oft-quoted example in data visualization courses is that of Dr John Snow’s
pioneering work in 1854, overlaying cholera deaths atop a map of water pumps in central London, driving
the discovery that cholera is water-borne and prompting the swift removal of the contaminated pump—
contributing to the end of the cholera epidemic in the Broad Street neighborhood. In his seminal works,
‘The Visual Display of Quantitative Information’ [139] and ‘Visual Explanations’ [140], Professor Edward
Tufte discusses how Dr Snow’s work is one of the earliest examples of effective data visualization for both
hypothesis testing and perceptual inference:

[D]escriptive narration is not causal explanation . . . Instead of plotting a time-series, which would
simply report each day’s bad news, Snow constructed a graphical display that provided di-
rect and powerful testimony about a possible cause-effect relationship. Recasting the original
data from their one-dimensional temporal ordering into a two-dimensional spatial comparison
. . . reveals a strong association between cholera and proximity to the Broad Street pump, in a
context of simultaneous comparison with other local water sources and the surrounding neigh-
borhoods without cholera. [140]

Prior research demonstrates that combining visual depictions with written text bolsters readers’ abilities to
construct mental models with less cognitive burden than pure ‘sentential’ explanations [141, 142]. To quote
Professor Julie Jebeile, a philosopher of science at the University of Bern:

[A] visual representation can exhibit a great amount of data in a structured way. Unlike a messy
mass of data, from which it would be hard to draw relevant pieces of information, appropriate
visual representations enable one to infer specific pieces of information about the target system.
This is due not only to the fact that they can convey a great amount of data but also to the fact
that they are . . . presentations of relations of dependence. They arrange within the space of the
visual support the many data so that these data can be in relation with each other. [143]

In other words, visual representations can help us see and appreciate relationships between different parts
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of the data, which is particularly important in the context of complex systems like the brain. Indeed, Bobek
and Tversky [144] contend that visual explanations are critical to understanding the individual components of
a complex system as interactions between these structural components. Many of the analyses presented in
this thesis are the direct result of intermediate data visualizations, which I have used to explore and identify
patterns that are not immediately evident from the raw data itself. As part of the presented thesis, I focus
heavily on visual explanations to communicate the algorithmic implementation of time-series measures for
local dynamics and pairwise interactions (specifically those derived from information theory; Chapter 2).
Whenever possible, I depict empirical results directly in a spatial map of the brain, which is an intuitive way
to communicate the results of a given analysis.

1.4.3 USING SCIENTIFIC COMMUNICATION TO FACILITATE INTER-DISCIPLINARY DIALOGUE

Having established the importance of methodological parsimony and data visualization, I finally turn to the
importance of accessible communication in scientific discourse. Fostering interdisciplinary dialogue is vital
for advancing our understanding of the brain as a complex system, as it helps to bridge gaps between
different fields that offer unique and informative perspectives. This is particularly important in the context of
statistical analysis for neuroimaging, in which the breadth of available methods can be daunting and present
barriers to such fluid interdisciplinary exchange, especially in the context of greater technical complexity and
associated jargon.

Accessibility and clarity are priorities throughout the present thesis, forming direct motivations for the work
presented in Chapter 2, in which I provide a unified overview of measures derived from information theory
to capture dynamical properties from a multivariate time series. Information theory was originally devel-
oped to characterize signal flow in communication channels [145], though it generalizes across domains
as a model-free statistical framework with which researchers can analyze variance within and relation-
ships between random variables [146, 147]. Recent years have seen increasing application of information-
theoretic measures to computational neuroscience settings across spatial and temporal scales [148, 149].
However, amidst the statistical smorgasbord of potential measures at a researcher’s disposal, inconsistent
terminology and mathematical notation spread across a disjoint literature present a considerable hurdle in
application, even for seasoned experts. This motivated the development of a cohesive review of information-
theoretic measures for time series, with unified terminology, visual elements, and mathematical notation, in
Chapter 2. More broadly, I have sought to make the methods and results presented in this thesis accessible
to a wide audience, including those without any formal training in statistics, mathematics, or physics.
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1.5 ORGANIZATION OF THIS THESIS

Figure 1.5.1: The chapters of this thesis are organized according to both component granularity and breadth
of statistical measures. The six main chapters of this thesis are organized according to two distinct axes of scope:
the level(s) of component granularity considered in the work (y-axis) and the breadth of statistical measures examined
(x-axis).

The work presented in this thesis is organized as a series of six chapters, each of which builds upon previous
ones to develop and refine a highly comparative framework for capturing the brain’s complex dynamical
structure. As depicted schematically in Fig. 1.5.1, I have mapped each of the six main chapters onto a
specific level of component granularity (y-axis) and breadth of compared features (x-axis) to provide an
overview of the scope encapsulated in this thesis. The chapters of this thesis are thus presented as follows.
Chapter 2 provides a unified overview of measures derived from information theory to capture dynamical
properties from a multivariate time series. This chapter includes important definitions and concepts that
are used throughout the thesis, including realizations of a stochastic process, the concept of quantifying
local dynamics and pairwise interactions in the brain, and the importance of effective data visualization.
In subsequent chapters, ideas introduced in this chapter are algorithmically implemented and applied to
compelling and diverse applications in human neuroscience.

Chapter 3 then introduces the ‘Python toolkit of statistics for pairwise interactions’ (pyspi), a Python library
that implements over 200 measures of interaction between two time series—including all of the pairwise
information-theoretic time-series measures discussed in Chapter 2. To demonstrate the utility of this highly
comparative approach, we systematically compare the performance of all pyspi measures in three real-
world classification tasks: (1) activity prediction from smartwatch actigraphy data; (2) classification of cor-
tical ‘up’ or ‘down’ states from EEG data; and (3) distinction of brain dynamics during rest versus viewing
a film from fMRI data. All three cases converge on the conclusion that conventional measures for a given
domain generally do quite well, but that there are novel alternatives that surpass them in some cases.

In the remaining chapters of this thesis, we delve into biologically compelling questions in modern neuro-
science through the lens of the highly-comparative framework introduced in Chapters 2 and 3. In Chapter 4,
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we tackle an open challenge in consciousness research to quantify properties of inter-areal coupling that
may encode the contents of (supra-threshold) conscious visual experience. Using data openly shared
from the international COGITATE Consortium from an adversarial collaboration [150], we demonstrate and
apply a comprehensive data-driven framework to evaluate measures of functional connectivity from MEG
data—which then support the development and interpretation of simple neuro-dynamical models tailored to
different theoretical predictions.

To venture beyond considering one level of component granularity in isolation, in Chapter 5, we ask if (and
indeed, how) these scales can be combined to synergistically capture more information about the underlying
dynamics of a system. We systematically compare across a range of local dynamics and pairwise interac-
tion measures to characterize resting-state brain dynamics in the context of four neuropsychiatric disorders:
schizophrenia, bipolar I disorder, attention-deficit hyperactivity disorder, and autism spectrum disorder. First,
we demonstrate that linear properties of individual regions—and the Pearson correlation coefficient, which
captures contemporaneous linear interactions between regions—rank among the most informative features
for distinguishing cases from controls. However, we also show that all evaluated pairwise interaction mea-
sures are bolstered by the inclusion of local dynamical features, emphasizing the importance of capturing
both local dynamics and pairwise coupling in tandem.

The subsequent chapters continue to expand the scope and scale of interactions analyzed. In Chapter 6,
we characterize pairwise interactions between homotopic regions (i.e., regions that are spatially symmet-
ric across the midline of the brain), examining how interactions relate to distributed functional organization
within and across hemispheres. The comparative lens is also applied to quantify structural, functional,
and molecular correlates of the hierarchical spatial variation in homotopic functional connectivity. Finally,
in Chapter 7, we develop and implement a comprehensive framework for applying overlapping commu-
nity detection algorithms (OCDAs) to characterize overlapping hierarchical structure in distributed structural
networks in the right-hemisphere cortex. After identifying the optimal algorithm and parameter configura-
tion, we apply this method to the empirically observed right-hemisphere cortical connectome, identifying
anatomically and functionally meaningful communities bridged by fifteen ‘overlapping’ nodes.

To conclude this thesis, in Chapter 8, I summarize the key findings and contributions of this work, and
discuss future directions for areas in which the highly comparative approach may offer major inroads for
understanding the brain as a complex system.
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2
Unifying concepts in

information-theoretic time-series analysis

Information is power.
Dwight K. Schrute, The Office, Season 1 Episode 1

Information theory provides a powerful statistical repertoire for capturing complexity and dynamical richness
across diverse domains in the life and physical sciences, from computational neuroscience to statistical me-
chanics. Despite the wide array of informative measures, a fragmented literature—including inconsistent
mathematical notation, domain-specific terminology, and disparate visualization conventions—has hindered
its interdisciplinary integration for time-series analysis. In this chapter, we address this challenge by pre-
senting a novel and cohesive framework that unifies key information-theoretic time series measures through
shared semantic definitions, mathematical notation, and visual representations. We compare eleven distinct
information-theoretic measures in terms of theoretical foundations, computational formulations, and practi-
cal interpretability, mapping them into a common conceptual space through an illustrative case study based
on resting-state macroscale brain activity. For brevity, we present excerpts from the associated manuscript
that introduce the unified visual schematic and tabular representation of the information-theoretic measures,
the brain activity case study, and the distinction between stochastic processes versus realizations. The sec-
ond half of the manuscript is included as Appendix 1 of this thesis, providing a detailed breakdown of each
individual measure, including its theoretical foundations, computational implementation, and interpretation
in empirical data. My goal with this review is to provide a visually and semantically intuitive overview of the
information-theoretic measures that we will use in subsequent chapters.

This chapter includes excerpts from work currently in submission as: Bryant, A. G., Cliff, O. M.,
Shine, J. M., Fulcher, B. D., & Lizier, J. T. Unifying concepts in information-theoretic time-series analysis.
arXiv preprint (2025), doi: arXiv:2505.13080.
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Abstract
Information theory is a powerful framework for quantifying complexity, uncertainty, and dynamical struc-
ture in time-series data, with widespread applicability across disciplines such as physics, finance, and
neuroscience. However, the literature on these measures remains fragmented, with domain-specific termi-
nologies, inconsistent mathematical notation, and disparate visualization conventions that hinder interdisci-
plinary integration. This work addresses these challenges by unifying key information-theoretic time-series
measures through shared semantic definitions, standardized mathematical notation, and cohesive visual
representations. We compare these measures in terms of their theoretical foundations, computational
formulations, and practical interpretability—mapping them onto a common conceptual space through an
illustrative case study with functional magnetic resonance imaging time series in the brain. This case study
exemplifies the complementary insights these measures offer in characterizing the dynamics of complex
neural systems, such as signal complexity and information flow. By providing a structured synthesis, our
work aims to enhance interdisciplinary dialogue and methodological adoption, which is particularly critical
for reproducibility and interoperability in computational neuroscience. More broadly, our framework serves
as a resource for researchers seeking to navigate and apply information-theoretic time-series measures to
diverse complex systems.

CODE AVAILABILITY

All code used for empirical analysis and visualization in this work is freely available at https://github.com/
anniegbryant/info_theory_visuals.

THE NEED FOR A COHESIVE, ACCESSIBLE SUMMARY OF INFORMATION-
THEORETIC TIME-SERIES MEASURES

Information theory, originally developed for studying communications channels, provides a model-free sta-
tistical framework for analyzing variance within and relationships between random variables [145–147].
Measures derived from information theory, like mutual information and transfer entropy, present power-
ful and domain-general tools with which researchers can quantify distinctive patterns of information flow
and dependence, with particular utility in applications to multivariate time series samples of random vari-
ables. Information-theoretic measures are increasingly developed and applied across diverse domains,
from economics [151] to epidemiology [152] to neuroscience [148, 149]. Despite this smorgasbord of dif-
ferent measures at a researcher’s disposal—including different forms of entropy, directed information flow,
and stochastic interactions—we are generally limited to a disjoint literature that employs inconsistent termi-
nology and mathematical notations. These differences in nomenclature create a sizable learning curve for
a researcher to understand the nuances of a single measure, which becomes even steeper when trying to
understand intricate similarities and differences across multiple measures. As a result, one may select a
measure based on subjective criteria and/or domain-specific conventions, potentially missing more appro-
priate information-theoretic measure(s) for the problem at hand. Prior work has endeavored to provide prac-
tical guides for applying and interpreting general information-theoretic measures (including joint/conditional
entropy, mutual information, transfer entropy, and partial information decomposition) across disciplinary do-
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mains [149, 153–157], but a unifying treatment of how information-theoretic methods can be adapted to
time-series analysis remains lacking.

To our knowledge, no prior work has attempted to unify the disjoint literature on information theoretic mea-
sures for time series as a coherent presentation using consistent terminology and visual elements. To
address this gap, here we conceptually unify information-theoretic time-series measures with common
semantic nomenclature and mathematical notation in a cohesive guide that offers accessible categoriza-
tion and explanations. Our aim with this paper is to unify information-theoretic measures into a common
schematic and tabular representation to provide a high-level summary that is broadly accessible to interdis-
ciplinary readers interested in applying information theory to time series data. As such, our approach is to
actively incorporate the mathematical formulations of each measure alongside plain-language summaries
and interpretable visuals to improve the accessibility of these powerful measures across disciplines. Visual
schematics form the basis for much of this paper, motivated by work demonstrating how visual explanations
facilitate conceptual links between the structural components that collectively interact to form a complex
time-varying system [144].

2.1 COMPILING A TAXONOMY OF INFORMATION-THEORETIC TIME-SERIES
MEASURES

Before delving into the information-theoretic measure taxonomy, it will be helpful to first outline a few key
definitions. We define a ‘time series’ as a time-indexed stochastic process, comprised of a sequence of
random variables X = {X1, X2, X3, . . . , XT } (where T is the length of the process) as depicted schematically
in Fig. 2.1.1. Each Xt is a random variable that can take the form of a single dimension (univariate), two
dimensions (bivariate), or multiple dimensions (multivariate).1 Here, we primarily consider the case where
each process (X) is univariate for simplicity, though any of the variables in any of the measures could be
trivially made bivariate or more generally multivariate.

In the context of brain dynamics, such a general process might refer abstractly to time-series measure-
ment of the neural activity in a brain region, evolving over time. We can take repeated measurements of,
or in other words, sample this process, which corresponds to the ‘Applied’ angle in Fig. 2.1.1. The sam-
ple path, known as a ‘realization’, of the time series is denoted x and comprises an ordered collection of
individual empirical measurements {x1, x2, x3, . . . , xT }. Within this empirically measured time series (real-
ization), each xt ∈ Xt is a realization of the corresponding random variable. In other words, the empirical
measurement at x1 is a specific realization of the random variable X1.

1In the multivariate case, for a process of dimension, m we would use vector notation for the random variable at time t: Xt =
{Xt,1, Xt,2, . . . , Xt,m}.
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Figure 2.1.1: Decomposing the elements of a time series, in the context of a stochastic process and a specific
realization. Here, we start from the more abstract concept of a stochastic process, X, which is an ordered collection of
random variables {X1, X2, X3, . . . , XT } where T is the total length of the process. For example, in the context of brain
dynamics, the stochastic process X might refer abstractly to measurement of neural activity in a brain region, evolving
over time. In parallel, on the applied end, a particular observation of our stochastic process is known as a realiza-
tion, denoted x. This realization is an ordered collection of individual empirical measurements {x1, x2, x3, . . . , xT }.
Continuing the above example, the realization x might reflect the measured blood oxygen level-dependent (BOLD)
functional magnetic resonance imaging (fMRI) time series in the given brain region in one participant. Brain line art
image adapted from Adobe Stock Image #614193934 by user Mikita Maryasau (licensed under Adobe Education
License).

This distinction between the underlying stochastic process X and an individual empirical realization x is
important, particularly when interpreting measured time series data. In most cases—for example, in human
functional neuroimaging—we typically only have access to a single realization of a process, so we implicitly
assume that this time series is ergodic. Here, ‘ergodic’ means that the realization (x) will equiprobably
traverse all parts of the space in which the process (X) moves. In other words, over sufficient time, the time-
averaged behavior of realization x will converge to the true ensemble-averaged behavior of the underlying
process X. Crucially, this allows us to treat the realizations x1, x2, x3, . . . , xT (of what would otherwise be
distinct random variables) as multiple realizations x of a single, now time-independent random variable
X associated with process X. Thus, the ergodic assumption enables application of information-theoretic
measures to the empirically observed time series variable X, since we can compute averages over the
values of that observed time series (realization) as a computational method for estimating averages over
the process distribution.

We define a ‘discrete’ random variable as one that exhibits a countable number of distinct values, while
a ‘continuous’ random variable exhibits an uncountable number of possible values. Each outcome within
the finite set for a discrete variable is associated with a probability mass, and a probability density function
(PDF) links probabilities with these finite outcomes. We introduce and interpret the mathematical notation
for each measure throughout this piece, which is generally predicated on the probability mass p(xt = ai)

for a discrete variable. This distribution captures the probability of obtaining the i-th value xt = ai at time
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t across all time points {1 . . . T}. For a continuous variable, the probability mass of obtaining a value
b > xt > a is an integral over the probability density function f(x): p(b > xt > a) =

∫ b
a f(x)dx. We

assume that the PDF is defined for the time series variable at hand—or variables, where the measure is
multivariate. A maximum likelihood estimator (MLE) can be used to estimate the probability mass from
observed empirical data for discrete variables.2 As the information-theoretic measures we consider are
generally constructed from sums and differences of entropies, their MLE follows directly from the PDF. We
primarily consider discrete random values in conveying the conceptual properties of information-theoretic
time-series measures, though we extend to continuous in our illustrative case study with resting-state brain
activity in each section of this work.

Figure 2.1.2: Three key characteristics distinguish information-theoretic time-series measures covered here.
Each panel illustrates a conceptual characteristic that separates classes of information-theoretic time series measures
covered in this review. I. Single-process versus pairwise: whether the measure describes properties of a single
time series (single-process) or relationships between two time series (pairwise). II. Order-independent versus order-
dependent: whether temporal ordering is taken into account, distinguishing measures based on static distributions
(order-independent) from those sensitive to dynamics and/or time-lagged structure (order-dependent). III. Undirected
versus directed: for the case of pairwise measures specifically, whether the measure captures symmetric relationships
(undirected) or directional influence (directed).

With these definitions in hand, we can categorize the existing literature of information-theoretic time-series
measures into a sensible and interpretable ‘taxonomy’. Our taxonomy is organized based on three key
characteristics, as schematically depicted in Fig. 2.1.2 and detailed below:

I. Single-process versus pairwise: A single-process measure operates on a single process (e.g., the
activity of a single brain region) while a pairwise measure captures dependencies between two pro-
cesses (e.g., the activity in two brain regions). Higher-order interactions (computed on three or more
processes) measures are out of scope for this paper.

II. Order-independent versus order-dependent: An order-independent measure operates solely on the
distribution of time series values without considering the order in which the underlying values oc-
curred. By contrast, an order-dependent measure is sensitive to the temporal order in which the
values occurred.

III. Undirected versus directed (pairwise measures only): An undirected measure captures equivalent de-
2More sophisticated estimators exist (e.g., based on a Bayesian framework) but remain out of scope for this review.
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pendence (i.e., symmetric) between processes X and Y . By contrast, a directed measure is computed
specifically from X to Y , such that the value from Y to X is not necessarily symmetric.

2.2 A SCHEMATIC OVERVIEW OF KEY MEASURES

In this work, we present a unified schematic and tabular overview of eleven core information-theoretic mea-
sures used in time-series analysis. Collectively, this synthesis provides direct links between conceptual
theory and the implementation and interpretation to empirical data in an applied setting. By juxtaposing
widely used measures like mutual information or transfer entropy with lesser-known yet powerful tools, like
stochastic interaction or directed information, we introduce a schematic that reveals a compact landscape
of how information flows can be quantified across time and between signals. We implement categorization
according to the three core characteristics summarized in Fig. 2.1.2, reflecting a distilled structure underly-
ing much of the literature—a structure that may otherwise be obscured by disciplinary silos or differences
in naming conventions. From these three characteristics, we identified six broad groups of measures:

1. Single-process, order-independent measures;

2. Pairwise order-independent measures, undirected;

3. Pairwise order-independent measures, directed;

4. Single-process, order-dependent measures;

5. Pairwise order-dependent measures, undirected; and

6. Pairwise order-dependent measures, directed.
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Figure 2.2.1: A unified visual representation of eleven information-theoretic time-series measures, grouped
into six categories. Here, we depict the six broad categories of information-theoretic time series measures (single-
process and pairwise) in colored sub-panels, labeled from 1 through 6: (1) single-process, order-independent; (2)
pairwise order-independent, undirected (noting that joint entropy of two univariate processes is algorithmically equiv-
alent to a bivariate extension of entropy in the case of a bivariate process); (3) pairwise order-independent, directed;
(4) single-process, order-dependent; (5) pairwise order-dependent, undirected; and (6) pairwise order-dependent,
directed. Within each sub-panel (e.g., ‘1. Single-process, order-dependent measures’), all of the individual reviewed
measure(s) in that category are visually depicted along with representative mathematical formulae. Venn diagrams
are used to illustrate entropy-based concepts for the processes X (shaded in purple) and Y (shaded in green). For the
order-dependent measures in sub-panels 4 through 6, we use lighter and less-saturated Venn diagram elements to
indicate the past history of a time series, while lighter and more saturated elements indicate the present. The eleven
reviewed measures are presented in the same order as in Table 2.2.1, which contains a high-level summary for each
measure along with the section number in which each measure is described in detail.
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We organized these six categories and their constituent measures within color-coded sub-panels in Fig. 2.2.1.
For example, ‘1. Single-process, order-independent measures’ only includes one measure (entropy), while
‘6. Pairwise order-dependent measures, directed’ includes five measures. Our aim with this figure is to
consolidate a diffuse and disjoint literature into one cohesive visual representation, directly comparing for-
mulations that condition on past and present values of a single process or pair of processes in slightly
different ways. We use the popular Venn Diagram schematic (see e.g., Cover and Thomas [146, p. 48]) to
illustrate concepts of marginal entropy; joint entropy and mutual information; and conditional entropy, which
collectively form the building blocks of more complex pairwise dependency relationships such as stochastic
interaction, transfer entropy, and directed information. We note that Venn diagrams provide useful intuition
on how sums and differences of these measures are related, though it may be problematic when used for
more than three variables since the analogy to set theory is loose, and where the (presumably positive)
areas on the diagrams may be associated with negative quantities ([146, p. 75][147, p. 143][158]). With
that said, all of the measures considered here (and their areas on the Venn diagrams) are non-negative,
and emphasize their purpose to guide intuition on sums and differences of the quantities.

To complement the visual representation in Fig. 2.2.1, we have summarized key aspects of each information-
theoretic measure covered in this paper in Table 2.2.1 below. This table consolidates information about the
directionality, temporal dependence, and scope (single-process vs. pairwise) for each measure. Impor-
tantly, the figure and table invite the reader to view these measures not as isolated techniques, but as
variations on a common theme: the reduction of uncertainty about some variable (e.g., Y ) by conditioning
on others (such as X, or the past of Y , or both). Information theory provides a powerful language for this
task through its flexibility in capturing both linear and nonlinear dependencies independently of the gener-
ative form of the underlying data. In practice, there are only so many ‘sensible’ ways to quantify coupling
and/or memory in time series data—and Fig. 2.2.1 makes these explicit, highlighting the conceptual logic
behind each approach. The goal here is to scaffold a birds-eye view that not only clarifies distinctions, but
also helps the reader see the broader unity in this diversity of methods. Of note, all information-theoretic
measures covered here can be computed from empirical data using a combination of two open-source soft-
ware packages: the Java Information Dynamics Toolkit (JIDT) [159] and the python toolkit of statistics for
pairwise interactions (pyspi) [92, 160].
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Measure Notation Direction Order
sensitivity

Plan-language summary of what measure
captures

Entropy H(X) N/A Order-
independent

How surprising (i.e., uncertain) the samples of
process X are on average.

Joint
entropy

H(X,Y ) Undirected Order-
independent

How surprising (i.e., uncertain) the paired
observations of two processes, X and Y , are
on average. Note that joint entropy of two univariate
processes is algorithmically equivalent to a bivariate
extension of entropy in the case of a bivariate
process.

Mutual
information

I(X;Y ) Undirected Order-
independent

The amount of information that samples of process
(X) provide about those of another (Y ), and vice
versa.

Conditional
entropy

H(Y | X) Directed Order-
independent

The uncertainty remaining for the observations in one
process (Y ) after simultaneously observing another
(X).

Active
information
storage

A(X) N/A Order-
dependent

The amount of information provided by the past
values of process X about its present value.

Stochastic
interaction

SI(X,Y ) Undirected Order-
dependent

How much more uncertain the future values of X
and Y become when they are treated as independent
(‘disconnected’) sources of dynamics, rather than as
a single coupled system (‘fully interconnected’).

Time-
lagged
mutual
information

I(Xn;Yn+1) Directed Order-
dependent

The amount of information shared between the
present value of one process (Y ) and a past or time-
lagged instance of another (X).

Causally
conditioned
entropy

H(Y ∥X) Directed Order-
dependent

The amount of uncertainty remaining in the present
value of one process (Y ) after observing its own past
as well as the past and present of another (X).

Directed
information

DI(X → Y ) Directed Order-
dependent

The amount of information provided by the past and
present of a source process (X) about the present
of a target process (Y ), beyond that which is already
explained by the past of Y on its own.

Transfer
entropy

TE(X → Y ) Directed Order-
dependent

The amount of information provided by the past of
a source process (X) about the present of a target
process (Y ), beyond that which is already explained
by the past of Y on its own.

Granger
causality

GC(X → Y ) Directed Order-
dependent

The additional predictive power that the past of a
source process (X) contributes to the present value of
a target process (Y ), beyond that of a linear model fit
on the past of Y on its own. While GC is not explicitly
an information-theoretic measure, it is equivalent to
TE computed with a Gaussian density estimator and
is therefore included within the scope of this review.

Table 2.2.1: A high-level overview of the eleven information-theoretic time-series measures covered in this
review. For each of the eleven information-theoretic time-series measures, this table summarizes their notation,
directionality (for pairwise measures), time-ordering sensitivity, what the measure captures, and the section in which
the measure is covered in detail. Measure names are colored with the same palette as in Fig. 2.2.1 to denote in
which of the six broad categories each measure sits.
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2.3 ILLUSTRATIVE FUNCTIONAL NEUROIMAGING CASE STUDY

Figure 2.3.1: Visualizing information-theoretic time-series measures on the cortical surface. To provide a con-
crete demonstration of the application of information-theoretic time-series statistics, we computed the eleven mea-
sures from resting-state BOLD fMRI data from one example participant in the HCP S1200 release [161]. For each
of the eleven information-theoretic measures, belonging to six categories in total (see Fig. 2.2.1 and Table 2.2.1), the
resulting measure values are projected onto the left cortical surface of the brain. In the case of the two single-process
measures, entropy and active information storage, the values are computed and shown for each individual region. For
the nine pairwise measures, we set the lateral occipital cortex (LOC) as the seed region (shown in purple at the bottom
left) and computed the pairwise measures to each of the other 33 regions in the left cortex; the values shown for each
brain region reflect the value from the lateral occipital cortex to the corresponding region for the indicated measure.
For all measures, we highlight the region with the minimum and maximum value and depict the corresponding fMRI
time series.

As an illustrative case study, we focus on functional neuroimaging—comprised of multivariate time series
recordings of the activity in various brain areas—to provide context for the implementation and interpretation
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of each measure covered in the present work. Indeed, there are myriad applications for information theory
in neuroscience across both recording scales and modalities, including neuronal spike trains [162, 163],
local field potentials [164], and macroscale functional magnetic resonance imaging (fMRI) dynamics [165,
166]. We include an illustrative example of how and why each measure might be used to map information
structure, examining the resting-state blood oxygen level-dependent (BOLD) fMRI time series from one
participant in the Human Connectome Project [161] S1200 release (ID ‘298051’, selected at random). For
each of the eleven information-theoretic time-series measures depicted in Fig. 2.2.1 and summarized in
Table 2.2.1, the computed values are projected onto the left hemisphere cortical surface in Fig. 2.3.1, with
one brain map per measure. We maintain the same color-coding and nomenclature as in Fig. 2.2.1 and
Fig. 2.3.1 for consistency. The spatial distributions in Fig. 2.3.1 provide intuitive examples of the kinds of
signal dynamics each measure captures. This demonstration is purely to showcase the computation and
interpretation of the eleven information-theoretic measures covered in this review—rather than drawing any
biological conclusions based on a single-participant exemplar. All fMRI data were preprocessed as per
earlier work [167] and further described in the following section.

2.4 METHODS FOR EMPIRICAL NEUROIMAGING DATA

For the empirical neuroimaging case study, we focused on resting-state fMRI (rs-fMRI) data from one ran-
domly selected participant (ID ‘298051’) from the S1200 release of the Human Connectome Project [161]
(specifically, this participant is included in the 100 unrelated individuals subset). Of note, all imaging data
included in the present work were already preprocessed in previous work [167, 168]. All resting-state vol-
umes in this dataset were acquired using a gradient-echo, echo planar image (EPI) sequence with the
following parameters: TR/TE = 720/33.1 ms, slice thickness = 2.0 mm, 72 slices, 2.0 mm isotropic voxels,
frames per run = 1,200. All data were previously preprocessed in Fallon et al. [167], with a brief overview
provided as follows. The rs-fMRI time series were linearly detrended, and the mean signal from white mat-
ter, cerebrospinal fluid, and global signal was regressed out. Low-frequency fluctuations (f < 8× 10−3 Hz)
were removed using a high-pass filter, applied to the EPI data using a fast Fourier transform. The average
voxelwise time series was summarized per parcel using the Desikan-Killiany 68-region atlas [169], noting
that we focused on the left hemisphere in this work (i.e., 34 cortical regions) for simplicity. Information-
theoretic measures were computed from the time series using the JIDT [159] library, either directly (for the
single-process measures) or embedded within the pyspi [92] toolbox. We applied continuous estimators
to the time series, opting for the Kozachenko–Leonenko (kozachenko) for measures that are constructed
from the univariate or joint entropy—which uses a nearest-neighbor approach—and usually the Kraskov–
Stögbauer–Grassberger (kraskov) estimator for the other measures, which combines estimates based on
mutual information with 4 nearest neighbors.

2.5 CONCLUSIONS AND FUTURE DIRECTIONS

Collectively, we have presented a unified and accessible guide to these eleven key measures for analyzing
time series data, with a particular focus on their applications in computational neuroscience. Through a
novel schematic overview and a systematic tabular summary, we have sought to clarify conceptual distinc-
tions between measures—such as directionality, temporal dependence, and dimensional scope—and to
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bridge terminology across disparate literatures. Our aim has been not only to consolidate fundamental defi-
nitions, but also to offer an integrative perspective that enables researchers with a wide range of background
knowledge depths to navigate this methodological landscape with greater fluency. While our examples and
emphasis here have focused on neural time-series data, we note that all measures are broadly applicable
across diverse scientific domains. Resources like the UEA/UCR Time Series Classification repository [170,
171] provide compelling examples of diverse time-series datasets—from beef spectrograms to yoga pose
angles to goose vocalizations—that could benefit from this conceptual framework to yield new insights into
how information-theoretic measures relate to each other when computed on diverse empirical data. Each
measure in this guide offers a unique lens on dynamics such as uncertainty, dependence, and predictability.
Developing an intuitive grasp of how these measures interrelate and differ lays the foundation for richer,
more integrative analyses of complex systems like the brain. We hope this guide serves as a starting point,
upon which future work may extend this foundation by incorporating additional measures, refining estimation
techniques, or exploring emerging applications.
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Unifying pairwise interactions in

complex dynamics

Fun, communication, connection.
Ryan Howard, The Office, Season 7 Episode 9

In Chapter 2, we introduced the mathematical formulation and biological interpretation of diverse information-
theoretic time-series measures for functional neuroimaging data. Several of these measures were imple-
mented in the pyspi (for ‘Python toolkit of Statistics of Pairwise Interactions’) toolkit, which we now introduce
in this chapter—comprising the novel implementation of over 200 statistics of pairwise interactions (SPIs)
in a unified algorithmic implementation. To focus on my direct contributions to the corresponding published
manuscript as second author, this thesis chapter is comprised of excerpts pertaining to the second part of
the project, in which I identified and analyzed two distinct functional neuroimaging case studies to system-
atically evaluate the ability of different pairwise interaction measures to meaningfully distinguish between
classes in empirical data. These two neuroimaging case studies correspond to electroencephalography
(EEG) and functional magnetic resonance imaging (fMRI), respectively, both of which are usually analyzed
with a single measure chosen subjectively and/or heuristically based on literature precedent. However, this
chapter demonstrates that novel measures of pairwise interactions can outperform conventional measures
for a given dataset, including information-theoretic measures introduced in Chapter 2, such as causally con-
ditioned entropy and directed information. The full manuscript is included as the Appendix 2 of this thesis,
which provides a broad review and empirical similarity analysis across over 200 SPIs, introduced across
various theoretical traditions, to develop a thorough ontology of pairwise interaction statistics in complex
systems.

This chapter comprises excerpts from work published as: Cliff, O. M., Bryant, A. G., Lizier, J. T.,
Tsuchiya, N.,& Fulcher, B. D. Unifying pairwise interactions in complex dynamics. Nature Computational
Science (2023), doi: 10.1038/s43588-023-00519-x.
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Abstract

Scientists have developed hundreds of techniques to measure the interactions between pairs of processes
in complex systems. But these computational methods—from contemporaneous correlation coefficients to
causal inference methods—define and formulate interactions differently, using distinct quantitative theories
that remain largely disconnected. Here we introduce a large assembled library of 237 statistics of pairwise
interactions1 and assess their behavior on 1053 multivariate time series from a wide range of real-world and
model-generated systems. Our analysis highlights commonalities between disparate mathematical formu-
lations of interactions, providing a unified picture of a rich interdisciplinary literature. Using three real-world
case studies, we then show that simultaneously leveraging diverse methods can uncover those most suit-
able for addressing a given problem, facilitating interpretable understanding of the conceptual formulations
of pairwise dependence that drive successful performance. Our results and accompanying software en-
able comprehensive analysis of time-series interactions by drawing on decades of diverse methodological
contributions.

3.1 INTRODUCTION

A fundamental question in science is how complex dynamics can be characterized by measuring the in-
teractions within a distributed system. To address this question, many approaches have been developed
to measure different types of pairwise interactions from dynamical data. For example, in neuroimaging,
functional connections between pairs of brain regions are quantified through statistical correlations, which
mark changes in human behaviors [172] and differ in neurological diseases [173]. In Earth systems sci-
ence, pairwise causal models have been used to infer mechanistic drivers of natural processes, from the
influence of sea-surface temperature on sardine and anchovy populations [23] to the atmospheric drivers
of air circulation [22]. And economic analysts have studied the cointegration of paired non-stationary time
series, such as stock-market indices and their associated future contracts, to infer a significant coupling for
building econometric models [21].

3.2 RESULTS

LEVERAGING DIVERSE METHODS TO ADDRESS SCIENTIFIC PROBLEMS

Our results above illustrate the rich diversity of scientific methods for quantifying pairwise interactions. This
diversity suggests that, when quantifying pairwise interactions for a given application, there is potential to
compare across the scientific literature of statistics of pairwise interactions (SPI)s to: (i) select the best-
performing SPI in an unbiased, data-driven way; and (ii) leverage a synergistic combination of multiple
complementary SPIs to better capture complex underlying interactions in MTS. Here we provide a simple
demonstration of this strategy (referred to as ‘highly comparative’ due to the broad methodological compar-
ison involved [89, 174]) to three MTS classification problems using three open datasets: (1) Smartwatch
activity dataset (Fig. 3.2.1A), where the aim is to classify one of four behavioral states (walking, running,
resting, or playing badminton) from six-sensor smartwatch MTS (a 3-axis accelerometer and 3-axis gyro-

1The pyspi library is actively maintained and continues to grow in scope, with 284 measures as of June 2025.
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scope) [175]; (2) EEG state dataset (Fig. 3.2.1D), where the aim is to distinguish positive versus negative
slow cortical potentials from single-subject electroencephalogram (EEG) data (originally used to move a
cursor up or down on a computer screen) [171, 176]; and (3) fMRI film dataset (Fig. 3.2.1G), where the aim
is to classify resting and film-watching conditions from functional magnetic resonance imaging (fMRI) data
[177] (see Methods for additional details on each dataset). To investigate the performance of different SPIs
on these tasks, we represented each MTS as a set of features corresponding to all pairwise interactions
between its constituent processes and compared their classification performance using a linear support
vector machine (SVM) with cross validation (see Methods for details).

We observed a wide range of SPI performance in each case study, ranging from null performance up to high
and statistically significant performance: 27–92% accuracy on the smartwatch activity dataset (Fig. 3.2.1B),
48–69% accuracy on the EEG state dataset (Fig. 3.2.1E), and 41–95% accuracy on the fMRI film dataset
(Fig. 3.2.1H). Many SPIs displayed significant classification performance on each dataset (permutation
test, Bonferroni-corrected p < 0.05): 213 SPIs (smartwatch activity), 165 SPIs (EEG state), and 67 SPIs
(fMRI film). This wide range of observed SPI performance on all three datasets demonstrates the crucial
importance of selecting an SPI that is able to capture the relevant types of interactions underlying a given
dataset.

To understand the types of interactions that characterize the labeled classes of MTS, we analyzed and
interpreted the highest-performing SPIs on each dataset (full results are in Supplementary Data 1, Sheet
3)2. To provide a simple demonstration of this process, here we focus on the top-performing individual SPI
in each case study. In the smartwatch activity dataset, the top-performing SPI was causally conditioned
entropy (CCE) using a Kozachenko–Leonenko estimator (92% accuracy; SPI label cce_kozachenko, see
Supplementary Section 1.4.7 for details). Its high performance is driven in part by its ability to capture the
coupling from the wrist’s z-rotation to its x-translation, which differs strongly between running and walk-
ing, as shown in Fig. 3.2.1C. This tells us that elbow movement in the x-direction is more informative of
subsequent z-rotation (as the wrist rotates outward in the z-direction) in walking than in running.

2Supplementary data sheets are not included as part of this Thesis, but can be accessed online in the electronic version of the
manuscript.
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Figure 3.2.1: A comprehensive library of SPIs can be used to accurately classify and understand differences
in human movement and neural activity datasets. A. In the smartwatch activity dataset, we aimed to determine
which of four activities a participant is performing (‘resting’, ‘walking’, ‘running’, or ‘badminton’) from smartwatch
accelerometer recordings. An example MTS from each of the four classes is shown as a process × time heat map.
B. Distribution of average classification accuracy (over train–test resamples) across 228 SPIs, where all pairwise
interactions are used as the basis for classification for each SPI. The 213 SPIs with significant accuracy are shaded
blue (one-sided permutation test, Bonferroni-corrected p < 0.05). Concatenating feature vectors from all SPIs into
a single classification model yields an average accuracy of 96% (red). C. A violin plot showing the distribution of
the top-performing SPI—causally conditioned entropy with a Kozachenko–Leonenko density estimator—between the
wrist’s x-axis translation and z-axis rotation, indicating a stronger interaction during walking (mean ± SD = 4.1± 0.8,
N = 20) than running (0.4 ± 0.7, N = 20). In each violin plot in this figure, the annotated box plot shows the box
center and extent as the median, 25th, and 75th percentiles; whiskers extend for 1.5 × interquartile range and outliers
are shown as black dots. D. In the EEG state dataset, we aimed to classify positive versus negative cortical activity
states using data from six EEG channels, for which the electrode locations and example time series are depicted.
E. Distribution of average classification accuracy across all 219 SPIs, including the 165 significant SPIs (shaded
blue), and combination of all SPIs (71% accuracy, red). F. The top-performing SPI, a causally conditioned entropy,
is visualized from EEG Channels 2 to 1 in cortical negativity (−2.7 ± 1.4, N = 282) versus positivity (−3.8 ± 1.4,
N = 279). G. In the fMRI film dataset, we aimed to classify rest versus film-viewing using fMRI time series from seven
brain networks. H. Distribution of classification accuracy across all 227 SPIs, including the 67 significant SPIs (shaded
blue) and annotating the performance of Pearson correlation coefficient (86%, black) and the combined set of all 227
SPIs (91%, red) for comparison. I. The top-performing SPI, regression error-based causal inference, RECI, is shown
from the control to ventral attention networks in film-viewing (0.014± 0.003, N = 29) and rest (0.018± 0.004, N = 29)
conditions.
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The top-performing SPI for the EEG state dataset was, as above, a causally conditioned entropy, but using
a Gaussian density estimator (69%; SPI label cce_gaussian, see Supplementary Section 1.4.7 for details).
Its performance was driven in part by its ability to capture the increased coupling from EEG Channel 2
to 1 (from near the right ear to near the left ear) in cortical negativity versus positivity states, as shown
in Fig. 3.2.1F. Other statistics designed to capture directed information flow (in a way that includes in-
stantaneous interactions in the presence of feedback) also performed well on this task, including directed
information with a Gaussian density estimator (69% accuracy; SPI label di_gaussian, see Supplementary
Section 1.4.8). While prior applications of SPIs derived from directed information theory are limited [178,
179], our highly comparative analysis suggests them as high-performing methods for measuring EEG cou-
pling alongside other novel candidates for further investigation, including the direct directed transfer function
evaluated over high frequencies (67%; SPI label ddtf_multitaper_mean_fs-1_fmin-0-25_fmax-0-5, see
Supplementary Section 1.5.9) and the Hilbert–Schmidt Independence Criterion (66%; SPI label hsic, see
Supplementary Section 1.2.5). Of the classical methods for quantifying EEG connectivity, some are reca-
pitulated as high performers by our data-driven analysis, including mean directed coherence across various
frequency bands [180] (all 67% accuracy; see Supplementary Section 1.5.10), while others exhibited sur-
prisingly low accuracy, such as algorithmic variants of partial directed coherence [181] (between 55% and
64%).

Finally, for the fMRI film dataset, the top-performing SPI was regression error-based causal inference (95%
accuracy; SPI label reci, see Supplementary Section 1.3.4 for details). Its high performance is driven in
part by its ability to capture the stronger coupling from the control network to the ventral attention network
during film-watching compared to rest (Fig. 3.2.1I). The dominant way of measuring coupling in whole-
brain fMRI is to use the Pearson correlation coefficient [53, 182] (annotated in Fig. 3.2.1H), which exhibits
strong and statistically significant classification accuracy on this problem (86%). However, our data-driven
approach highlights 30 alternative SPIs with higher performance (88% to 95%, listed in Supplementary
Data 1, Sheet 3). These high-performing methods include alternative types of covariance (e.g., minimum
covariance determinant, 93% accuracy; SPI label cov_MinCovDet, see Supplementary Section 1.1.1) and
precision estimates (e.g., using Ledoit–Wolf shrinkage, 91%; SPI label prec_LedoitWolf, see Supplemen-
tary Section 1.1.2) that better deal with non-Gaussian bivariate distributions. Other high performers include
information-theoretic SPIs (like conditional entropy, joint entropy, and mutual information using Gaussian
density estimators, all 91% accuracy, see Supplementary Sections 1.4.1–1.4.3) and directed SPIs which
distinguish asymmetric coupling (e.g., the top-performing regression error-based causal inference, reci).
Compared to the typically subjective process of selecting an appropriate method to analyze a given dataset,
the highly comparative approach demonstrated here highlights the most useful scientific methods automat-
ically, facilitating interpretable understanding of the conceptual formulations of pairwise dependence that
drive successful performance.

Since different types of systems involve different types of interactions between measured processes, we
expected different SPIs to perform well across the three datasets. Indeed, we found that an SPI with high
performance on one problem does not imply its high performance on other problems. For example, some
SPIs performed well only on a single dataset, like dynamic time warping with an Itakura parallelogram
(SPI label dtw_constraint-itakura, see Supplementary Section 1.2.7) which was a top performer on
the fMRI film dataset (91%), but showed weaker performance on the smartwatch activity dataset (78%)
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and null performance on the EEG state dataset (53%). But some SPIs did perform strongly across all
three datasets, such as the cross distance correlation (SPI label dcorrx_maxlag-10, see Supplementary
Section 1.2.2), which ranked among the top 10 SPIs for all three problems (90%, 66%, and 91%, for
the smartwatch activity, EEG state, and fMRI film datasets, respectively). Moreover, different algorithmic
variants of causally conditioned entropy were top performers for the smartwatch activity (cce_kozachenko,
92%), EEG state (cce_gaussian, 69%), and fMRI film (cce_kernel_W-0.5, 90%) datasets (although we
note a strong dependence of the density estimation approach on CCE performance). We also found that
grouping SPIs based on the fourteen data-driven modules (identified by their similarity of behavior on real
data, Fig. 2) better captured their relative performance on these tasks than the six literature categories
(from Fig. 1), as shown in Supplementary Fig.S3, suggesting our modular representation as a useful one
for understanding differential SPI performance on a given task3.

Relative to investigating individual SPIs one at a time, we finally aimed to investigate the value of draw-
ing on multiple SPIs simultaneously. We developed a combined representation of the pairwise dependence
structures captured by all SPIs, allowing us to simultaneously represent each MTS using a large and diverse
set of pairwise dependency structures (through feature concatenation, as described in Methods: ‘Classifica-
tion’). Although this approach represents each MTS in a much higher-dimensional space than the individual
SPI representation analyzed above (with associated challenges for robust classifier fitting), we expected it
to outperform the individual best SPI on datasets involving multiple types of interactions, such that simulta-
neously leveraging multiple SPIs provides complementary and useful information about class differences.
Relative to the top-performing individual SPI, our combined SPI approach improved classification accuracy
on the smartwatch activity dataset (to 96%) and the EEG state dataset (to 71%), shown as vertical red
lines in Figs 3.2.1B and E. On the fMRI film dataset, it yielded slightly lower performance (91%) than the
top individual SPI, reci (95%), suggesting that the associated interactions are well-captured by a single,
well-chosen SPI on this dataset (i.e., multiple SPIs do not provide an advantage sufficient to overcome the
challenges of fitting a classifier in a higher-dimensional space). By simultaneously drawing on a wide range
of SPIs, the simple statistical approach demonstrated here can quantify multiple complementary types of
interactions from MTS data (and is likely to yield improved accuracy through optimization, see Discussion).

3.3 DISCUSSION

As different time-varying systems contain different statistical relationships between their elements—e.g.,
that capture instantaneous or time-delayed responses, linear or nonlinear interactions, condition on the
past, allow for non-constant delays, or infer directional coupling—our results demonstrate that a highly com-
parative approach can be used to detect the most informative types of SPIs for capturing the relevant types
of interactions underlying a given dataset. Unlike many machine-learning approaches to MTS classifica-
tion, which are challenging to interpret [175], this approach connects scientists to interpretable theory that
shapes understanding of the most important types of pairwise interactions in a dataset, following recent
undertakings to unify interdisciplinary literatures on summary statistics (‘features’) for univariate time series
[89, 90, 183] and complex networks [174]. This broad, comprehensive methodological comparison stands
in contrast to a more conventional approach in which the data analyst manually selects a method, a practice

3The three figures referenced in this paragraph are included in Appendix 2.
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that leaves open the possibility that alternative methods may provide clearer interpretation, better perfor-
mance, or computational efficiencies. The three classification case studies analyzed here provide a simple
demonstration of the procedure, automatically highlighting high-performing SPIs from across the literature
and providing an interpretable understanding of the relevant interactions in each dataset. We observed a
wide range of performance in all cases, highlighting the importance of careful selection of SPIs for a given
application. In the EEG state dataset, for example, our analysis flagged high-performing SPIs consistent
with common methodological practice in EEG analysis (thus recapitulating existing domain knowledge) and
others with surprisingly poor performance, as well as flagging novel high-performing SPIs as promising
candidates for methodological innovation in the field. Future work investigating which types of SPIs are best
suited to which types of problems will yield new insights into the interactions underlying different complex
systems, and is likely to uncover additional novel applications of SPIs to new problems.

3.4 METHODS: CLASSIFICATION CASE STUDIES

3.4.1 DATASETS

Smartwatch activity dataset.

The smartwatch activity dataset is derived from the BasicMotions problem in the University of East Anglia
(UEA) MTS classification repository [171]. Each MTS includes six sensors—a 3-axis accelerometer and a
3-axis gyroscope—recorded for 10 s at 10 Hz, yielding 1000 time points. There are 20 MTS in each of four
classes (resting, walking, running, or playing badminton), for a total of 80 MTS in the dataset. This dataset
was recently analyzed in a large MTS classification challenge [175] in which the data was split 50/50 into
training and test subsets with 30 stratified repeats. The baseline classifier (based on dynamic time warping)
achieved 95.25% accuracy; the best algorithm (HIVE–COTE) achieved 100% accuracy [175].

EEG state dataset.

The EEG state dataset corresponds to the SelfRegulationSCP1 problem in the UEA MTS classification
repository [171] and was originally published in Birbaumer et al. [176]. Electrical activity was measured from
six EEG channels in one participant as they were instructed to move a cursor up or down on a computer
screen by generating negative or positive slow cortical potentials, respectively. The physical placement of
these EEG electrodes is depicted in Fig. 3.2.1D. Cortical activity (measured in µV) was recorded for 3.5 s
at 256 Hz, yielding 896 time points in each channel per MTS, with 282 negativity trials and 279 positivity
trials. This dataset was analyzed in Ruiz et al. [175], assessing accuracy using 30 stratified train–test splits
of 268 training and 293 test samples. In the original comparison, the baseline DTW algorithm achieved an
accuracy of 81.81% and the best algorithm (TapNet) achieved 95.68% [175].

fMRI film dataset.

The fMRI film dataset is derived from a functional connectome fingerprinting study examining individual
signatures of cortical activity in N=29 individuals at rest or while watching a film [177]. In this dataset, blood-
oxygen-level-dependent (BOLD) signals were recorded in 114 parcellated cortical regions with a repetition
time (TR) of 813 ms (a sampling rate of 1.23 Hz) for either 1200 frames (resting) or between 952–1000
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frames (film-watching). Each trial type (rest versus film-watching) was repeated four times per participant.
Here we analyzed pre-processed data obtained from Betzel et al. [184]. For consistency and simplicity,
we examined the first rest and first film-watching session per participant; across all participants and trials,
only the first 947 frames contain real data, so we restricted our analysis to these time ranges. To retain a
comparable number of processes as the first two classification case studies, we averaged BOLD signals
from the 114 original brain regions into the seven functional networks from Yeo et al. [185], as depicted in
Fig. 3.2.1G. We compare the performance of the Pearson correlation coefficient, used to construct functional
connectivity matrices in the original publication, Byrge and Kennedy [177], to our library of SPIs.

3.4.2 CLASSIFICATION

For all three case studies, our simple approach to SPI-based classification involved computing the matrix
of pairwise interactions (MPI)—6×6 for the smartwatch activity and EEG state datasets, and 7×7 for the
fMRI film dataset—for each z-scored MTS and repeating for each SPI. We then used the elements of these
matrices as features for a linear support vector machine (SVM) classifier. Note that we used the most
recent version of pyspi (v0.4.0) to compute SPIs for the classification case studies, which included some
improved implementations of some SPIs. Features were extracted from each MPI differently for directed and
undirected SPIs (see Supplementary Data 1, Sheet 1): for undirected SPIs (for which the corresponding
MPI is symmetric), we used the upper triangular entries as features, whereas for directed SPIs, we used
all non-diagonal elements as features. As a preprocessing step, for each case study, we removed any SPI
that had invalid entries (due to numerical issues) in any of the MPIs, or gave constant results across all
MTS (see Supplementary Data 1, Sheet 2 for a list of omitted SPIs). This yielded a set of 228 SPIs for the
smartwatch activity problem, 219 SPIs for the EEG state problem, and 227 SPIs for the fMRI film problem.
For the analysis involving combining all SPIs into a single classifier, this yielded a total of 4755 features for
the smartwatch activity dataset, 4659 features for the EEG state dataset, and 6743 features for the fMRI
film dataset.

The linear SVM was implemented using default settings from Python’s scikit-learn [186] as part of a clas-
sification pipeline that involved z-score feature normalization (fitted on training data and applied to unseen
test data). The very simple methodological choices made here allowed us to focus on demonstrating the
key conceptual types of analyses made possible by drawing on a diverse set of SPIs, aiding transparency
while acknowledging that more complicated statistical methodologies are likely to improve the classification
performance quoted here. We implemented 30 class-stratified train–test splits for cross-validation with the
same proportions implemented in [175] using the StratifiedShuffleSplit function for the smartwatch ac-
tivity and EEG state datasets. Since there are N=29 individuals in the fMRI film dataset, we implemented
leave-one-individual-out cross-validation, such that each classifier was trained with the rest and film scans
of N=28 participants and tested on the rest and film fMRI scans of the left-out participant.

We measured classification performance using total accuracy for all three case studies. Statistical signif-
icance was estimated using a permutation testing approach whereby 100 null models were fitted (using
randomly shuffled class labels) and evaluated using the same cross-validation classification procedure de-
scribed above. The observed classification performance for each SPI was then compared with the pooled
null distribution of all SPIs, yielding p-values that were then adjusted for multiple comparisons by controlling
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the family-wise error at 0.05 using the method of Bonferroni [187]. The performance metric for the union of
all SPIs was similarly compared with its corresponding null permutation distribution to yield a single p-value
per classification problem.
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4
A data-driven approach to identifying

and evaluating connectivity-based
neural correlates of consciousness

This scented candle . . . represents the eternal burning of competition, or something.
Jim Halpert, The Office, Season 2 Episode 3

In Chapters 2 and 3, we introduced the theoretical motivation and practical implementation for comparative
time-series analysis of the brain as a complex system. In this chapter, we expand upon this method-
ological framework by applying it to one of the greatest open challenges in modern neuroscience [188]:
quantitatively identifying and evaluating plausible neural correlates of consciousness that can map between
subjective experience and measurable neural activity. This chapter was inspired by a global competition1

to identify a candidate measure(s) of functional connectivity that could meaningfully distinguish between
competing theories of consciousness: Integrated Information Theory (IIT) [189, 190] and Global Neuronal
Workspace Theory (GNWT) [191, 192]. The competition was organized by the COGITATE Consortium after
mediating an adversarial collaboration between theorists from both camps, using pre-registered hypotheses
and a shared experimental paradigm [150]. Here, we review our first prize-winning entry to the COGITATE
Consortium’s challenge, presented at the BIOMAG 2024 Conference in Sydney, Australia, and subsequent
extension to a full-length manuscript. This chapter introduces our systematic analysis of the Consortium’s
openly-shared magnetoencephalography (MEG) dataset using 246 functional connectivity measures (from
the pyspi software, introduced in Chapter 3) between regions predicted to underlie conscious vision by IIT
and/or GNWT.

This chapter is in submission as: Bryant, A. G., & Whyte, C. J. A data-driven approach to identify-
ing and evaluating connectivity-based neural correlates of consciousness. bioRxiv preprint (2025), doi:
10.1101/2025.04.06.646695.

1https://www.arc-cogitate.com/biomag-2024
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Abstract

Identifying the neural correlates of consciousness remains a major challenge in neuroscience, requiring

theories that bridge between subjective experience and measurable neural correlates. However, theoret-

ical interpretation of empirical evidence is often post hoc and susceptible to confirmation bias. Building

upon the adversarial collaboration mediated by the COGITATE Consortium, we present a generalizable ap-

proach for the data-driven identification, evaluation, and theoretical modeling of connectivity-based neural

correlates of consciousness. Using the same magnetoencephalography (MEG) dataset and accompany-

ing pre-registered hypotheses from the COGITATE Consortium, we systematically compared 246 functional

connectivity (FC) measures between regions predicted to underlie conscious vision by Integrated Informa-

tion Theory (IIT) and/or Global Neuronal Workspace Theory (GNWT). We identified a family of FC measures

based on the barycenter—tracking the ‘center of mass’ between two signals—as the top-performing stim-

ulus decoding measures that generalize across regions central to predictions of both IIT and GNWT. To

interpret these findings within a theoretical framework, we developed neural mass models that recapitulate

the neural dynamics hypothesized to underlie conscious perception by each theory. Comparing simulated

barycenter values from these models against empirically measured MEG data revealed that the GNWT-

based model, featuring delayed ignition dynamics, better captured observed connectivity patterns than the

IIT-based model, which relied on highly synchronized sensory dynamics. Beyond dataset-specific conclu-

sions and limitations, we introduce a framework for systematically identifying and testing candidate neural

correlates of consciousness in an unbiased and interpretable manner.

4.1 INTRODUCTION

Characterizing the neural correlates of consciousness remains one of the great open challenges in modern

neuroscience. At the heart of this challenge is the search for a theory of consciousness capable of map-

ping between subjective experiences and their observable neural correlates [188]. Although the field sees

an increasing number of publications each year, theoretical interpretation is primarily performed posthoc;

moreover, design choices of the methodology itself are highly predictive of which theory the study’s findings

will support [193]. These biases have cultivated a fragmented literature that lacks a cohesive methodology,

in terms of both experimental paradigms and theoretical interpretation.

In a collective endeavor to move beyond current theoretical silos and confirmation bias, researchers from

competing theoretical camps have jointly entered into adversarial collaborations that directly test their pre-

registered predictions in shared empirical paradigms, conducted by theory-neutral third party experimental

groups. This adversarial collaboration, led by the COGITATE Consortium, focused on the predictions of two

prominent theories of consciousness: integrated information theory (IIT) and global neuronal workspace

theory (GNWT). IIT identifies consciousness with the emergent cause–effect structure of physical sys-

tems [190]. According to IIT, a system is conscious to the degree that the system as a whole exhibits
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greater informational content than the sum of information contained within all sub-partitions of the system.

In contrast, GNWT [191, 192] identifies consciousness with the availability of information in the ‘global

workspace’ [194], a recurrent network with long-range excitatory projections connecting prefrontal cortex

(PFC) and parietal cortices.

Within the domain of conscious vision in particular, IIT and GNWT yield contrasting predictions regarding

stimulus decodability, the location and temporal dynamics of conscious vision, the role of pre-stimulus ac-

tivity, and the nature of inter-areal coupling. IIT postulates that consciousness is a persistent structure,

with conscious perception requiring phase synchronization between low-level visual areas and category-

selective visual areas (lateral occipital cortex [195] and fusiform face area [196]). Together with regions

in the parietal cortex, this network is often referred to as the ‘posterior hot zone’—and notably does not

include the PFC, which IIT predicts is only necessary for cognitive aspects of consciousness, such as in-

trospection and self-report [197]. By contrast, GNWT posits that stimulus information becomes conscious

when it enters the global workspace through a late wave of neural signal propagation from sensory cortices

to PFC. This wave comprises a nonlinear ignition event, independent of task demands, through which the

global workspace broadcasts information between otherwise isolated processes throughout the brain. In

the experiments conducted by the COGITATE Consortium [198], the results of which were recently made

available [150], these predictions were tested through a shared visual perception paradigm. Specifically,

participants were shown a stream of images belonging to one of four categories. Across multiple functional

neuroimaging modalities, the Consortium reported varying degrees of evidence supporting these two the-

ories based on region-specific decoding and the timing of conscious percepts. However, neither theory’s

predictions about the relationship between inter-areal coupling (assessed via functional connectivity) and

stimulus decodability were borne out—raising the question of whether there exists a functional connectivity

(FC) measure that can discriminate between the neural correlates of visual experience predicted by IIT

and/or GNWT.

Of note, the Consortium only examined two measures of inter-areal connectivity: pairwise phase consis-

tency [199] and dynamic FC ([200]; using the Pearson correlation coefficient) between respective pairs

of theory-predicted brain regions. Many other measures of inter-areal coupling could, in principle, distin-

guish between the predictions of each theory in the relevant region–region pairs. For example, in previous

work, we systematically compared diverse coupling types—for example, synchronous vs. asynchronous,

directed vs. undirected, and time vs. frequency domain-based [79, 92]. The results validated commonly

used measures like the Pearson correlation coefficient across neuroimaging modalities, while simultane-

ously highlighting the potential utility of previously unexplored types of measures of pairwise interaction like

directed information. Moreover, the theories put forward by both IIT and GNWT were intrinsically qualitative,

making it difficult to precisely quantify the evidence for either theory’s predictions.

In this work, we address these limitations in the quantitative testing of competing theories by presenting a

43



Chapter 4 Annie Gilmore Bryant

unified and data-driven approach for identifying, evaluating, and theoretically interpreting candidate neural

correlates of consciousness. Based on the aims of the COGITATE Consortium [150] pertaining to inter-

areal coupling, we present a highly comparative approach to search for inter-areal coupling (i.e., FC) mea-

sures that reliably quantify the neural correlates of conscious vision from magnetoencephalography (MEG)

imaging data. This comprehensive suite of 246 pairwise coupling measures [92] includes those typically

employed in functional neuroimaging, including the Pearson correlation coefficient, pairwise phase consis-

tency, power envelop correlation [201, 202], and ϕ∗ [203]—enabling direct comparison to under-explored

alternatives. To interpret the FC results within the theoretical frameworks of IIT and GNWT, respectively, we

then develop two neural mass models [204]— implementing the stimulus-evoked dynamics hypothesized by

each theory to be necessary for conscious perception. Crucially, implementing the hypothesized dynamics

for each brain region in computational models allows us to explicitly compute exemplar time series and

quantitatively compare the predictions of each theory based on the top-performing FC measures. In sum,

we present a data-driven approach for identifying the FC measures that maximally encode stimulus-specific

information, and then implement simple and interpretable neural models to derive theoretical insight from

the data-driven FC measures.

4.2 MATERIALS AND METHODS

4.2.1 NEUROIMAGING DATA ACQUISITION AND TASK PARADIGM

All data was obtained from the COGITATE Consortium [150] as prepared for a functional connectivity data

science challenge (cf. https://www.arc-cogitate.com/biomag-2024) [205]. MEG data were downloaded in

BIDS format for 100 participants, N=94 of which had the requisite anatomical scans to perform source

localization. This subset of N=94 participants included N=54 females (23.1 ± 3.5 years) and N=40 males

(22.3 ± 3.6 years) with no known neurological or psychological conditions and no age differences between

males and females (Wilcox rank-sum test, P=0.19). All imaging acquisition and behavioral task details

for this dataset are provided in Consortium et al. [150]. Briefly, participants viewed supra-threshold visual

stimuli comprised of faces, objects, letters, or false fonts, for variable durations (0.5 s, 1.0 s, or 1.5 s) at

different rotation angles. Participants were instructed to press a button when either of two specific stimuli

were presented, such that stimulus events were classified as ‘Relevant target’ (i.e., the correct stimulus to

respond to), ‘Relevant non-target’ (i.e., all other stimuli belonging to the same category as one of the target

stimuli), or ‘Irrelevant’ (i.e., a stimulus belonging to a different category to both target stimuli). We included

all stimulus types in our analysis, though we excluded the ‘Relevant target’ setting due to potential motor

confounds. Additionally, for simplicity, we focused exclusively on the 1.0 s (‘intermediate’) stimulus duration

to compare neural dynamics during one second of stimulus presentation (‘onset’) and the subsequent post-

stimulus second (‘offset’). Participants were conscious of the presented stimuli in both task-relevant and

irrelevant trials, and they demonstrated high hit rates and low false alarm rates, eliminating behavioral
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Figure 4.2.1: In this study, we systematically compared different ways of quantifying functional coupling
from MEG time series derived from regions hypothesized to support the IIT and/or GNWT theories of visual
perception and consciousness. A. We selected four regions of interest that are depicted on the inflated cortical
surface in fsaverage space: Category-selective (CS), comprised of the higher-order visual lateral occipital cortex
(LOC) and fusiform face area (FFA) regions; Visual (VIS), comprised of V1 and V2; Prefrontal cortex (PFC), comprised
of Brodmann areas 9 and 46; and Parietal integration regions (PAR), comprised of the intraparietal sulcus (IPS). B.
We extracted the average source-localized MEG time series across all epochs per event-related field type in each
region, considering both stimulus onset (first 1000ms) and the subsequent offset period (second 1000ms). C. For
each functional pathway (i.e., each directed region–region pair), we computed 246 statistics of pairwise interactions
(SPIs) using the pyspi library. D. Neural mass models designed to recapitulate the dynamics of each theoretically
relevant region based upon the preregistered predictions of GNWT and IIT set out in Consortium et al. [150]. The
dynamics of the GNWT-based model are governed by two key factors: (1) winner-take-all competition between the
two PFC neural masses leading to transient ‘ignition’ events at stimulus onset and offset; and (2) PFC masses have a
slower intrinsic timescale leading to delayed peak in PFC activity. The dynamics of the IIT-based model are likewise
governed by two key factors: (1) strong recurrent connectivity between CS and VIS masses; and (2) similar intrinsic
timescales, which together yield highly synchronous activity at stimulus onset that is maintained for the duration of the
stimulus presentation period which then rapidly and synchronously decays at stimulus offset.

accuracy as a potential confound [150].
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4.2.2 NEUROIMAGING PREPROCESSING

Anatomical preprocessing

High-resolution T1-weighted structural volumes were preprocessed with the same methods and accompa-

nying code outlined in Consortium et al. [150]. Briefly, cortical surfaces were reconstructed using FreeSurfer’s

recon-all pipeline (cf. https://surfer.nmr.mgh.harvard.edu/). Scalp surfaces were also reconstructed and

combined with an inner skull surface to create a single-shell boundary elements model (using the MNE

module in Python [206]), from which the solution was used to create a volumetric forward model span-

ning the full brain volume with a 5 mm grid. We selected four brain regions of interest that are listed in

Table 4.2.1 and are depicted schematically in a brain map in Fig. 4.2.1A. To delineate these brain areas in

subject space, we resampled the Schaefer et al. [207] 100-parcel atlas (mapping to the 7-Network atlas

from Yeo et al. [185]) to each participant’s reconstructed cortical surfaces using the mri_surf2surf function

from FreeSurfer.

MEG preprocessing

MEG data were preprocessed using the same methods previously employed by the COGITATE Consortium

for MEG data [150, 208], which included signal-space separation with a Maxwell filter to minimize envi-

ronment artifacts [209] and FAST-ICA to remove cardiac muscle artifacts [210]. Data were partitioned into

3.5 s epochs, comprised of 1 s pre-stimulus to 2.5 s post-stimulus onset, and epochs were filtered according

to gradiometer, magnetometer, and/or artifact properties as described in Consortium et al. [150]. Source

modeling was performed using the dynamic statistical parametric mapping method [211]. A common spatial

filter was generated from the sum of a noise covariance matrix for the baseline period (-0.5 to 0 s) and a

covariance matrix for the active time window period (0 to 2 s). The baseline covariance matrix was used to

spatially pre-whiten the data to combine magnetometer and gradiometer data. For each epoch, we fit and

applied an inverse solution to extract the time series from the relevant regions (cf. Sec 4.2.2), averaging

across all channels within each parcel. To enhance the signal-to-noise ratio [212], we averaged across

trials for each event-related field type (i.e., for each stimulus type and task relevance condition) to yield

one average time series per brain region for the given trial type in each participant. As we focused on the

1.0 s stimulus duration, we compared the 1 s window of stimulus presentation (‘onset’) with the following 1 s

post-stimulus period (‘offset’) for each trial type.

4.2.3 DATA-DRIVEN QUANTIFICATION OF INTER-AREAL COUPLING

We sought to comprehensively quantify diverse types of functional coupling between our four regions. We

employed the novel framework for highly comparative analysis of pairwise interactions, pyspi (v1.1.0) [92],

computing a total of 262 FC measures from the MEG time series between each pair of regions (e.g., CS →
PAR). As part of the standard pyspi workflow, all time series were z-scored along the time axis after which
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Table 4.2.1: The individual brain regions from the 100-parcellation atlas from Schaefer et al. [207] comprising
our regions of interest.

Left hemisphere Right hemisphere

Category-Selective (CS) 7Networks_LH_DorsAttn_Post_1-lh 7Networks_RH_Vis_3-rh

Primary visual (VIS)
7Networks_LH_Vis_4-lh 7Networks_RH_Vis_4-rh

7Networks_LH_Vis_5-lh 7Networks_RH_Vis_5-rh

Prefrontal Cortex (PFC) 7Networks_LH_SalVentAttn_PFCl_1-lh 7Networks_RH_Cont_PFCl_3-rh

Parietal integration (PAR) 7Networks_LH_DorsAttn_Post_3-lh 7Networks_RH_DorsAttn_Post_4-rh

linear detrending was applied with the detrend function from the scipy.signals module [213]. Some of

the FC measures are undirected, such that values are symmetric in both directions between region–region

pairs, whereas others are directed (and therefore asymmetric). For quality control, we filtered the 262 FC

measures down to those that yielded non-zero variance and real, non-NaN values across region–region

pairs for at least 90% (i.e., N=85) of participants, yielding a final set of 246 FC measures. As described

in Cliff et al. [92], these FC measures comprise diverse types of pairwise interactions, from basic covariance

estimates to multi-metric distances to frequency-based coupling.

4.2.4 FITTING CLASSIFIERS

For our primary classification aim (‘stimulus type’), we fit a separate model for each region–region pair, task

relevance condition, and stimulus period (‘on’ during the first 1000 ms from stimulus onset and ‘off’ during

the second 1000 ms). For our supplementary aims (‘task relevance’ and ‘cross-task’ classification), we still

partitioned the data by region–region pair (e.g., VIS → CS) and stimulus presentation period (‘on’ or ‘off’)

into separate classifiers. In all cases, for each FC measure (e.g., power envelope correlation), we fit a

binary logistic regression classifier using scikit-learn (v1.6.1) [214] to predict either the stimulus type or task

relevance from the associated FC measure values (from the given region–region pair). For the stimulus

pair classification (primary aim) and task relevance classification (first supplementary aim), we evaluated

out-of-sample performance using stratified 10-fold cross-validation with the StratifiedGroupKFold function

from scikit-learn. This allowed us to train each model on a pair of stimuli (or pair of relevance conditions)

from one subset of participants and evaluate the model on that pair of stimuli or relevance conditions from

another (unseen) subset of participants. For the cross-task classification, each model was trained on the

pair of stimuli from all N=94 participants in e.g., ‘Relevant non-target’ context, and tested on the same pair

of stimuli from all N=94 participants in the ‘Irrelevant’ context (and vice versa). Classification performance

was assessed as the mean accuracy across the test subsets per model and is presented throughout this

report as the mean cross-validated accuracy ± 1 SD. As a robustness check, we also fit a linear support

vector machine (SVM) classifier for each FC measure and region–pair and evaluated the cross-validated

accuracy to confirm that similar performances were achieved with the logistic regression classifiers.
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4.2.5 THEORY-DRIVEN NEURAL MODELING

To quantitatively link each theory with the empirically observed neural activity (measured with MEG), we

constructed two simple neural mass/rate-based models [204, 215, 216] based on the neural activity pre-

dicted for each core region (PFC, CS, and VIS) defined by the COGITATE Consortium [150]. The dynamics

of each model were governed by the following system of rate-based equations

τr
dr

dt
= −r + f(Wr + ustim − γa+ b)

τa
da

dt
= −a+ r,

(4.1)

with state variables r, a ∈ RN×1 representing the aggregate (i.e., coarse-grained) neural activity and (hyper-

polarizing) adaptation current (respectively), of each cortical region hypothesized to play a role in conscious

perception (for similar models applied to the visual system, see Wilson [217]). For simplicity, the transfer

function f(x) is a rectified linear unit. The matrix W ∈ RN×N parameterized the strength of inter-areal and

self(within-mass) connectivity; the visual stimulus was encoded in the one-hot vector ustim ∈ RN×1 which,

as in the experimental paradigm, lasted 1000 ms of simulation time; τr and τa are scalar time constants;

γ is a scalar constant controlling the strength of the adaptation current; and b is a scalar bias parameter

representing the background level of arousal.

Parameter values (supplied in 4.2.2) were manually selected to recapitulate—as precisely as possible—

-the time series predictions for each region that were pre-registered by IIT and GNWT theorists [150].

Model simulations and analysis were implemented in custom python (version 3.9.21) code. We solved (4.1)

numerically using an Euler–Maruyama integration scheme (∆t = 1ms), adding zero mean Gaussian noise

(σ = 0.005) to both the neural activity and adaptation current.

Table 4.2.2: Parameter values for the simple IIT- and GNWT-based neural mass models. Parameter values are
in arbitrary units unless stated otherwise. These parameters were used construct models as schematically depicted
in Fig. 4.2.1D.

IIT GNWT

W

(V IS CS

V IS 0.1 0.75

CS 0.75 0.1

) 
CS PFC1 PFC2

CS 0.05 0.75 0.75

PFC1 0.25 0.25 −2.75

PFC2 0.25 −2.75 0.25


γ 0.5 1

τr τV IS = 20, τCS = 40 (ms) τCS = 40, τPFC = 80 (ms)

τa 400 (ms) 400 (ms)

b 0.85 0.85
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GNWT predicts that conscious perception should be marked by an ‘ignition’ event shortly after stimulus

onset, as information from high-level visual areas (i.e., CS) updates the contents of the global workspace

in PFC through long-range recurrent projections. After this initial ignition event, activity in PFC returns

close to baseline. At stimulus offset, when the contents of consciousness change again, GNWT predicts

that there should be another ‘ignition’ event in PFC—updating the contents of the workspace. The GNWT-

based model, therefore, consists of three strongly adapting neural masses, one representing CS and two

representing the competitive interactions in PFC responsible for the update dynamics at stimulus onset and

offset. The stimulus is delivered to CS, which then projects to the two PFC masses—which compete in a

winner-take-all mode to inhibit one another. After stimulus onset, strong adaptation reduces the activity of

the winning (i.e., dominant) PFC mass. At stimulus offset, the previously suppressed mass (which is not

subject to activity-dependent adaptation) then supersedes and inhibits the dominant mass, generating the

hypothesized ignition update dynamics in PFC (cf. Fig. 4.2.1D[i]). To generate a single PFC time series,

analogous to what would be observed in the MEG data, we averaged the simulated time series of the two

PFC masses.

In contrast, according to IIT, conscious contents are maintained in posterior cortical structures throughout

the duration of a conscious event via short-range reciprocal projections between low-level visual cortices

(i.e., VIS) and higher-level category-selective (CS) cortices generating synchronous activity between sen-

sory regions, maintained for the duration stimulus presentation period (i.e. the duration of the visual expe-

rience). The IIT-based model, therefore, consists of two weakly adapting neural masses representing VIS

and CS respectively, with strong reciprocal projections. The stimulus is delivered to VIS and is maintained in

a high-activity attractor state jointly constituted by VIS and CS throughout stimulus presentation, as depicted

schematically in Fig. 4.2.1D(ii).

We note that these models should not be regarded as neuronal implementations of IIT or GNWT. Rather,

they are simple phenomenological models (i.e., quantitative summaries) of the neural dynamics hypothe-

sized to underlie conscious perception by each theory. Such models allow us to derive quantitative predic-

tions about inter-areal coupling by analyzing the simulated neural data using the FC measures identified

in our data-driven analysis of MEG data. Specifically, we compared time-series features computed from

the model-simulated time series with those computed from empirically observed MEG signals using two

measures: (1) the Kullback–Leibler (K-L) divergence [218] and (2) the Wasserstein distance [219].

The K-L divergence, denoted DKL(P || Q), captures the amount of additional information (in units of bits)

needed to reconstruct probability distribution P when it is approximated by another distribution Q.

DKL(P || Q) =
∑
x∈X

P (x) log

(
P (x)

Q(x)

)
, (4.2)

where X is the set of possible outcomes, and P (x) and Q(x) represent the probabilities assigned to each
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outcome x by distributions P and Q, respectively. Here, we use the K-L divergence to compute the informa-

tion ’cost’ of approximating the empirical distribution of FC values with simulated distributions derived from

each model. Specifically, we compared empirical (P ) and model-derived (Q) distributions of time-series

features comprised of vectors of discrete observations. These discrete distributions were converted into

100-bin probability distributions with equal bin widths. K-L divergence was computed using custom code in

python (version 3.9.21).

To complement the K-L divergence (which is not a formal distance metric and may be biased by outliers), we

additionally computed the Wasserstein distance [219]—also known as the ‘earth mover’s distance’—which,

in the discrete case, minimizes both the number of samples which must be moved and the distance those

samples are moved for probability distributions P and Q to match (in units of total work). The Wasser-

stein distance was computed using the wasserstein_distance function from the scipy package (version

1.13.1) [213].

4.2.6 CODE AND DATA AVAILABILITY

All MEG data analyzed in this study is openly available upon registration at https://doi.org/10.17617/1.

wqa3-wk71 [205]. All code needed to reproduce our analyses and visuals is freely available in our GitHub

repository (https://github.com/anniegbryant/MEG_functional_connectivity) [220].

4.3 RESULTS

As shown in Fig. 4.2.1A, we focus here on regions predicted by one or both theories to mediate stimulus-

and/or task-specific FC: category-selective visual areas (CS; common to both IIT and GNWT), early visual

areas (VIS, comprised of V1 and V2; exclusive to IIT), and lateral prefrontal cortex (PFC, comprised of

Brodmann areas 9 and 46; exclusive to GNWT). Due to the combinatorial explosion that can arise from

highly comparative analysis, we included an additional parietal region (PAR, comprised of the intraparietal

sulcus), as the parietal cortex plays an important role in consciousness in both theories (i.e., the parietal

cortex is a part of the posterior substrate of consciousness according to IIT [190], and a part of the ‘global

workspace’ according to GNWT [192]). By including PAR as an additional region, we gained a further con-

straint on high-performing functional connectivity measures without biasing our search toward either theory.

The label names for each area in the Schaefer et al. [207] 100-parcellation atlas are listed in Table 4.2.1. We

then comprehensively quantify MEG-derived FC between CS and each of the three other regions (taking

the average time series across all epochs per event type and participant) using 246 bivariate time-series

measures that span an interdisciplinary literature—from spectral properties to information-theoretic mea-

sures, using the pyspi (‘Python toolkit of statistics for pairwise interactions’) library [92]. Finally, we used

the top-performing FC measures to analyze simulated time series from two theory-derived neural models,

allowing us to interpret the empirical results in light of the pre-registered predictions of IIT and GNWT.
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Based on the original predictions for inter-areal coupling delineated by the COGITATE Consortium [150],

we defined one core classification aim and two supplementary classification aims. In our main analysis

targeting the core classification aim, we evaluate whether any FC measure in pyspi could distinguish be-

tween stimulus types (e.g., ‘face’ vs. ‘object’) in either the ‘Relevant non-target’ and/or ‘Irrelevant’ settings,

in any region–region pair and during either stimulus presentation (‘on’) or offset (‘off’). Our secondary

analyses focused on the supplementary classification aims to explore whether FC measures distinguish

domain-independent task relevance (‘Relevant’ vs. ‘Irrelevant’) and generalize from one relevance type to

another in the same stimulus comparison. In all cases, we employed logistic regression classifiers with a

grouped cross-validation strategy, reporting the mean ± standard deviation (SD) out-of-sample accuracy

(see Methods, Sec 5.4.3 for more details).

4.3.1 MULTIPLE PROPERTIES OF INTER-AREAL COUPLING CAN DISTINGUISH BETWEEN
STIMULUS TYPES ACROSS REGION–REGION PAIRS

For the primary stimulus-decoding analysis, we first considered the overall range of classification accuracy

values across all FC measures and experimental paradigm combinations (e.g., stimulus onset vs. offset,

relevant non-target vs. irrelevant category). As shown in Fig. 4.3.1, many FC measures classified stimuli

with 60-67% cross-validated accuracy across region–region pairs and category relevance settings. This

range sits within the context of prior visual stimulus-decoding analyses based on inter-areal connectivity

derived from electroencephalography (EEG) time series [221] or combined EEG and functional magnetic

resonance imaging (fMRI) data [222]. The presence of relatively high-performing FC measures in all stim-

ulus pairs suggests there may be conserved signatures of neural activity in the functional pathways of

interest while processing different visual stimuli. However, we note the marked variance in classification

performance exhibited among FC measures across both region–region pairs and stimulus pairs (as shown

in Fig. 4.3.1)—underscoring the heterogeneity in FC patterns across individuals, region–region pairs, and

stimulus types.

In the first supplementary classification aim, we probed the neural signatures of task relevance in a domain-

general manner, testing whether any FC measure could distinguish ‘Relevant non-target’ versus ‘Irrelevant’

trials that combined all stimulus types. Surprisingly, none of the FC measures surpassed 56% accuracy

with any region–region pair (cf. Fig. S1)2, indicating that inter-areal coupling is less distinctive between

domain-general task relevance settings. Our second supplementary classification aim was to test ‘cross-

task’ transfer learning (as in Consortium et al. [150]), in which we trained each classifier on FC measure

values for a given stimulus pair (e.g., ‘face’ vs. ‘object’) during the ‘Relevant non-target’ setting (i.e., training

on all N=94 participants) and tested the classifier in the ‘Irrelevant’ setting—and vice versa. In line with the

predictions of GNWT, cross-task classification yielded similar accuracy distributions across FC measures

and region–region pairs (including CS ↔ PFC) as in our primary stimulus type classification analysis (cf.
2All supplementary figures are included in Appendix 3.
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Figure 4.3.1: Many FC measures distinguish stimuli with ≥ 60% accuracy across region–region pairs, partic-
ularly for face stimuli. A. Each raincloud plot shows the distribution of classification accuracy values for each SPI in
the corresponding stimulus pair (column) and region–region pair (row), partitioned by relevant non-target stimulus pre-
sentation period (‘on’ vs. ‘off’). Each dot represents one SPI, and the vertical lines represent the mean cross-validated
accuracy across all FC measures in the corresponding distribution. The x-axis was truncated at 50% accuracy, such
that FC measures yielding lower than 50% accuracy are not shown here. B. Same as in A, for task-irrelevant stimuli.

Fig. S2); therefore, we focus on the primary stimulus decoding classification analysis hereafter.
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4.3.2 STATISTICS DERIVED FROM THE BARYCENTER BEST DISTINGUISH STIMULI, PAR-
TICULARLY FACES

Having confirmed that multiple FC measures between the examined regions can distinguish between stim-

ulus categories, we now zoom in to focus on the highest-performing measures. This allows us to make

general inferences about the types of pairwise dynamics that contain the most information about visual

stimulus categories. As shown in Fig. 4.3.2A, we identified the maximum classification accuracy across

all FC measures, stimulus presentation periods (‘on’ or ‘off’), and category relevance settings (‘Relevant

non-target’ or ’Irrelevant’) for each stimulus pair (e.g., ‘Face’ vs. ‘Object’) and region–region pair (e.g., VIS

→ CS). Across region–region pairs, the maximum classification accuracy values ranged between 62-67%,

with all of the top values corresponding to face stimuli and another category. However, there is marked

variability in classification performance across cross-validation folds (indicated by the shaded ribbons in

Fig. 4.3.2A); therefore, while we report mean accuracy ± 1 SD, we draw inferences mainly from relative

performance trends rather than absolute accuracy values.

To better understand the types of dynamics captured by the top-performing FC measure classes, we fo-

cused on the top two classification measures highlighted in Fig. 4.3.2A, corresponding to ‘Face’ vs. ‘False

font’ in the CS ↔ PAR and ‘Face’ vs. ‘Object’ in the CS ↔ PFC regions, respectively (n.b., the bidirectional

arrows indicate symmetric, undirected FC measure connections). In Fig. 4.3.2, we compare the feature dis-

tributions among all N=94 participants for the top-performing FC measure per region–region pair. Of note,

coupling between the two region–region pairs maximally distinguished stimulus categories based on differ-

ent geometric formulations of the barycenter—a property originally developed in astrophysics to measure

the center of mass between two orbiting celestial bodies [223], which extends here to capture the center of

the pair of time series using a given distance minimization metric [224]. For CS ↔ PAR, the top-performing

FC measure is the mean of the squared barycenter, derived from Euclidean geometry during stimulus onset

in the task-irrelevant setting (67.0 ± 8.3% accuracy). We schematically depict the computation of this FC

measure using empirical CS and PAR time series from an example participant in Fig. 4.3.2B(i). The time av-

erage of the squared Euclidean barycenter was nearly twice as high during ‘False font’ stimulus processing

(0.59) than during ‘Face’ stimulus processing (0.30) for this example participant, which reflects the greater

MEG fluctuation synchrony between the CS and PAR regions throughout the 1000 ms ‘False font’ stimulus

period than during the ‘Face’ period.

In a similar vein, the maximum (over time) of the squared barycenter derived using dynamic time warping

(DTW) averaging [225] yielded peak ‘Face’ vs. ‘Object’ classification performance for the CS ↔ PFC con-

nection (64.3± 9.4% accuracy). We depict the computation of this FC measure using the empirical CS and

PFC time series from an example participant in Fig. 4.3.2B(ii). Unlike in Euclidean space (as depicted in

4.3.2B[i]), DTW geometry permits dilations and/or shifts across time for distance minimization between the

two time series. The maximum of the squared DTW-based barycenter provides insight into the variability in
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Figure 4.3.2: Examining the top-performing SPI per stimulus comparison highlights strong performance of
barycenter statistics. A. For each region–region pair (rows) and stimulus comparison (columns), we plot the mean
cross-validated classification accuracy for the top-performing SPI (lines), ± 1 SD (shaded ribbons) across test folds,
out of all 246 FC measures, relevance conditions (‘Relevant non-target’ or ‘Irrelevant’), and stimulus presentation
periods (‘on’ or ‘off’). The peak classification accuracy is annotated per region–region pair. B. (i) The top-performing
SPI for CS ↔ PFC—the maximum of the squared barycenter with DTW averaging—is schematically depicted. The
violin plots show the SPI value distributions for task-irrelevant ‘face’ versus ‘object’ trials during stimulus onset across
all N=94 participants. Below, line plots schematically depict the computation of this SPI from ‘face’ or ‘object’ trial-
averaged MEG time series in an example participant. (ii) As in (i), the top-performing SPI for CS ↔ PAR—the mean
of the squared barycenter with Euclidean geometry—is schematically depicted. The violin plots show the SPI value
distributions for task-irrelevant ‘face’ versus ‘false font’ trials during stimulus onset across all N=94 participants. Below,
line plots schematically depict the computation of this SPI from ‘face’ or ‘false font’ trial-averaged MEG time series in
an example participant (n.b., a different participant than in (i)).

the underlying regions’ local activity, as periods of higher MEG amplitude will be more heavily weighted in

the temporal alignment and therefore exert greater influence on the barycenter. Indeed, the squared DTW-

based barycenter peaked at a magnitude of 11.2 during ‘Face’ stimuli—attributable to a sharp downward

spike in both CS and PFC MEG amplitude at approximately 150 ms that is archetypal for face process-

ing [226, 227]—compared to 7.5 during ‘Object’ stimuli, in which MEG amplitudes were less variable and

fluctuated on a slower timescale between the two regions.
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4.3.3 BARYCENTER STATISTICS DOMINATE THE TOP STIMULUS DECODING RESULTS,
ALONG WITH BASIC COVARIANCE AND SPECTRAL PROPERTIES

Figure 4.3.3: FC measures that detect distance-based, information-theoretic, and frequency-focused coupling
distinguish between stimulus types across all region–region pairs. A,B. Here, the number of FC measures
yielding at least 62% cross-validated classification accuracy in one or more stimulus pairs are tabulated for each
region as either the source (A) or target (B) region the corresponding interaction. Ellipses within the Venn diagram
are color-coded to indicate the corresponding region, following the brain maps depicted in Fig. 4.2.1A. The circled
‘1’ at the center indicates that one SPI distinguished between at least one stimulus pair with ≥ 60% accuracy both
from and to all regions: the maximum of the squared barycenter, derived using soft-DTW geometry. C,D. For the FC
measures tabulated in A and B, here we show the number of FC measures by literature category per region as the
source (C) and target (D). E. For each of the 95 FC measures summarized in A-B, the cross-validated classification
accuracy values are plotted for all 144 parameter combinations (region–region pairs, stimulus comparisons, onset vs.
offset, and relevance settings). FC measures are ranked in descending order of the maximum accuracy and colored
by literature category, as in C and D. The mean or maximum of the squared barycenter with different geometries are
annotated for reference.

In order to better understand the regional specificity of the top-performing FC measures, we next investi-

gated the overlap in the number and type of FC measures that distinguished stimulus types well between

region–region pairs. Since connectivity with the CS region is shared between IIT and GNWT, we focus on

FC measures directed to and from the CS region, respectively—noting that undirected FC measures will

yield bidirectionally symmetric values. We filtered the same classification results presented in Fig. 4.3.1A

down to those with ≥ 60% mean cross-validated accuracy and tabulated the number of resulting FC mea-

sures projecting either from or to CS (e.g., from VIS, PFC, and PAR to CS). As shown in Fig. 4.3.3A-B, some

FC measures uniquely distinguished task stimuli in only one functional pathway (e.g., 13 FC measures were

unique to PFC → CS connectivity). However, we found three FC measures that distinguished at least one

stimulus-pair to and from CS to all three other regions, all corresponding to the maximum of the squared
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barycenter derived with different geometries (Euclidean, DTW, and a variation on DTW geometry known

as soft-DTW [228]). This suggests that the maximum of the squared barycenter captures stimulus-relevant

information (for specific stimulus types) in all functional pathways of interest to IIT and/or GNWT, poising it

as a useful measure with which the theories may be quantitatively evaluated and contrasted.

All FC measures can be categorized into one of six literature-based domains (‘basic’, ‘distance’, ‘spectral’,

‘info-theory’, ‘causal’, or ‘miscellaneous’; cf. Cliff et al. [92]), so we next compared the FC measure type

composition for the top-performing measures shown in Fig. 4.3.3A-B. As shown in Fig. 4.3.3C-D, undi-

rected FC measures corresponding to distance measures (including the barycenter) and frequency-based

coupling (e.g., power envelop correlation) comprised the top-performing statistics for all three functional

pathways both to and from the CS region. In addition, statistics capturing basic covariance structure (in-

cluding the Pearson correlation coefficient) comprised many of the top-performing FC measures between

CS ↔ PFC and CS ↔ PAR, but not CS ↔ VIS. Although there is high-level similarity among FC measures

that distinguish stimuli across these functional pathways, the relatively low overlap shown in Fig. 4.3.3 in-

dicates that the particular FC measures differ between functional connections. The overlap between CS

↔ VIS and CS ↔ PFC corresponds to the mean barycenter computed with soft-DTW geometry, while the

FC measure overlap between CS ↔ PFC and CS ↔ PAR is driven predominantly by spectral properties

like power envelop correlation and imaginary coherence (more detail on these FC measures is shown in

Fig. S3).

In addition to characterizing the maximum decoding accuracy for each FC measure across region–region

pairs (which represents a ‘best-case’ stimulus discrimination scenario), we also examined the full perfor-

mance range for each of the 95 FC measures contained in Figs 4.3.3A-B (i.e., all FC measures with at least

≥ 60% cross-validated accuracy result). Fig. 4.3.3E shows all decoding accuracy values per FC measure,

tabulated across 144 combinations of stimulus contrasts, region–region pairs, task relevance settings, and

presentation periods (onset vs offset). The highest maximum accuracy values correspond to the mean and

maximum of the squared barycenter derived from different geometries, as annotated in Fig. 4.3.3E—though

even these FC measures fail to surpass chance classification performance (i.e., 50%) in many settings. This

visualization demonstrates the variability in decoding accuracy exhibited by all 95 examined FC measures,

none of which outperformed chance in all 144 experimental parameter combinations.

4.3.4 TESTING PREDICTIONS VIA DATA-DRIVEN ANALYSIS OF THEORY-DRIVEN NEURAL
MODELING

In the previous sections, we identified a multitude of FC measures that met our core stimulus decoding

classification aim across region–region pairs. In particular, FC measures derived from the barycenter gen-

eralized across all of the relevant region–region pairs relevant to both IIT and GNWT. Barycenter-based

measures are fast to compute, simple to interpret, and novel to functional neuroimaging—prompting further

investigation with modeling. To derive theoretical insight into the neural processes predicted to underlie
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conscious vision from our novel FC measure, we constructed two neural mass models [204] tailored to

recapitulate each theory’s pre-registered predictions (see Consortium et al. [150]) for neural activity in each

region (for details see Sec. 4.2.5 and schematic depiction in Fig. 4.2.1B).

Importantly, because each theory generates predictions about coupling between different region–region

pairs (CS ↔ VIS for IIT, and CS ↔ PFC for GNWT), our goal in this section is to evaluate the relative

success (rather than the overall variance explained) of each theory-derived model in successfully approxi-

mating the empirical data. The models are stimulus-agnostic and are built to reproduce the empirical Eu-

clidean barycenter values averaged over all stimulus types. We focused on the stimulus-averaged dynamics

rather than the stimulus-specific dynamics, as neither GNWT nor IIT provided stimulus-specific predictions.

Rather, they specified predictions about the qualitative features of inter-areal coupling (e.g. synchronized

activity between CS and VIS) hypothesized to underlie conscious perception. In addition, to avoid a mis-

match between simulated and empirical barycenter values caused by changes in dipole polarity across

regions (cf. Fig. S4A-B), we specifically computed the absolute value (i.e., magnitude) of both the empirical

and simulated time series before computing the Euclidean barycenter in this section. As a robustness test,

we show in Fig. S5 that the stimulus classification results based upon the barycenter are not systematically

biased by this extra preprocessing step.

Our model simulation process is schematically depicted in Fig. 4.3.4A. Using the IIT- and GNWT-based

models, we simulated 1000 trials with dynamical noise and then subtracted the average neural activity

before stimulus onset (i.e., the ‘baseline’) from each trial (Fig. 4.3.4A[i-ii]). We approximated noise in the

measurement process by adding zero-mean independent Gaussian noise to each trial (Fig. 4.3.4A[iii]).

Each trial was divided into 1000 ms segments corresponding to stimulus-on and stimulus-off periods for

analysis. We show results obtained using σ = 1.0 added noise in the main text, with results from the full

range of 0.5 ≤ σ ≤ 1.0 depicted in Fig. S7. Within each stimulus-on and stimulus-off epoch, we computed

the maximum of the squared barycenter across Euclidean and non-Euclidean geometries (Fig. 4.3.4A[iv]).

For clarity, we show the results for the maximum of the squared barycenter derived from Euclidean geom-

etry. Results are qualitatively comparable for barycenter measures computed using DTW, soft-DTW, and

subgradient descent- (SGD-)DTW geometries (cf. Fig. S6).

Briefly, as schematically represented in Fig. 4.3.4B(i), GNWT predicts that visual consciousness is depen-

dent on neural signal propagation from CS to PFC regions, leading to a late ‘ignition’ of the global workspace

after stimulus onset and again at stimulus offset. The GNWT-based model has two key features responsible

for the ignition-like updating dynamics in PFC at stimulus onset and offset: (1) the winner-take-all compe-

tition between the two PFC masses, and (2) the slow timescale of the PFC neural masses (τPFC = 80

ms) relative to the comparably fast CS neural mass (τCS = 40 ms). This leads to a peak in PFC activity

∼ 200ms after stimulus onset—approximately 150 ms after the peak in CS activity, which peaks ∼ 50ms

after stimulus onset.
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Figure 4.3.4: Comparing model-based predictions for barycenter with results from empirical COGITATE MEG
data. A Graphical illustration of model analysis pipeline. For both models we simulated 1000-trials with noise, and
after baseline subtraction and added zero mean Gaussian noise to each time point of the simulation to mimic the
effect of measurement noise before computing the max of the squared barycenter for each trial. For comparability
with the empirical data the barycenter was computed after taking the absolute value of the time series avoiding issues
of dipole polarity reversal across regions. B. Illustration of single trial neural activity and barycenter times series for
GNWT- and IIT-based neural mass models. Because the of offset between CS and PFC masses, and the winner-take
all dynamics, the timing of the peak barycenter values is more variable across trials in the GNWT-based model than in
the IIT-based model. C. Here, we examine the timing and magnitude of the squared Euclidean barycenter maximum
in both empirical and model-simulated time series (with noise σ = 1) for both IIT and GNWT during stimulus onset
and offset. First, the timing of the barycenter maximum for each (i) CS↔PFC and (iii) CS↔VIS bivariate time series
is summarized via kernel density estimation for each stimulus presentation period and theory. The empirical density
distribution is dark-shaded and the model-simulated density distribution is light-shaded in each case. The Kullback-
Leibler divergence [218], DKL(Empirical || Model), is shown for each theory and stimulus presentation period, in units
of bits, along with the Wasserstein distance (WD) in units of total work. (ii, iv) The same maximum squared Euclidean
barycenter values comprising the density plots in (i) and (iii) are plotted, with the maximum timing on the x-axis and
the magnitude of the corresponding squared Euclidean barycenter on the y-axis. The same color scheme is used as
in (i) and (iii).

In terms of the (squared) barycenter, which tracks the center of mass of the two time series, the offset in

peak activity between the two masses reduces the amplitude of the (squared) barycenter. The relatively low

amplitude of the peak PFC signal also means that in the presence of measurement noise, the maximum

of the barycenter is broadly distributed throughout the stimulus-on epoch. At stimulus offset, both the CS

and PFC masses show a brief dip in activity due to the accumulated adaptation current. The winner-take-

all competition between the two PFC masses then generates a secondary bump of activity approximately
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300 ms after stimulus offset, at which point the previously suppressed mass takes over. Similar to the

stimulus-on period, the offset in the peak activity between the CS and PFC masses, combined with mea-

surement noise, yields a broad distribution of maximum (squared) barycenter values across the stimulus-off

period. In contrast, as schematically represented in Fig. 4.3.4B(ii), IIT predicts that the conscious experi-

ence of a visual stimulus involves synchronized and sustained activity between CS and VIS (i.e., ‘posterior

hot zone’) throughout stimulus presentation. The key features driving the dynamics of the IIT-based model

are the strong reciprocal connectivity between the VIS and CS masses, and the comparably fast and similar

timescale of the two masses (τV IS = 20ms, τCS = 40ms). Because of the similar timescale and strong

reciprocal connectivity, both masses increase (and decrease) synchronously following stimulus onset and

offset. During the stimulus presentation period, activity is maintained in a stable high-activity attractor state.

The synchronized peaks and troughs in activity at stimulus onset and offset generate large peaks in the

(squared) barycenter amplitude, yielding a high-density concentration of maximum timing values at the

beginning of the epochs across trials.

Although qualitative comparison of the empirical and simulated distributions shows that both the GNWT-

and IIT-based roughly approximate the empirical data, quantitative comparison of the simulated and em-

pirical distribution of maximum squared Euclidean barycenter timings shows that the GNWT-based model

provides a better approximation to the empirical data than the IIT-based model with lower K-L divergence

values in both stimulus-onset (DKL[GNWT](P || Q) = 0.39 bits vs. DKL[IIT](P || Q) = 3.04 bits) and

offset ( DKL[GNWT](P || Q) = 0.41 bits vs. DKL[IIT](P || Q) = 0.81 bits) periods. This result is also

reflected in the Wasserstein distance at stimulus-onset (WGNWT = 44.6 vs. WIIT = 82.6) and stimulus-

offset (WGNWT = 28.3 vs. WIIT = 63.5). In other words, simulated maximum squared barycenter values

from the GNWT-based model provided a better approximation to the empirical data than those derived from

the IIT-based model in terms of both information cost (lower K-L divergence values) and Wasserstein dis-

tance. Importantly, this pattern is robust across various noise levels (cf. Fig. S7) and task relevance settings

(cf. Fig. S8). We show in Fig. S4F(ii) that the PFC does indeed show a secondary bump in activity after

stimulus onset, as GNWT predicts. Based on these results, we argue that the delayed ignition dynamics

implemented in the winner-take-all connectivity of the GNWT-based model provide a better approximation

to the empirical data than the tightly synchronized sensory dynamics implemented in the IIT-based model.

This conclusion is, of course, dependent on the model-based implementation of the theoretical predictions

and may be subject to revision.

4.4 DISCUSSION

Here, we presented an approach for data-driven identification, evaluation, and theoretical interpretation

of connectivity-based neural correlates of consciousness. Our work is built upon the datasets and pre-

registered hypotheses generated by the COGITATE Consortium adversarial collaboration that tested the

predictions of IIT and GNWT [150]. We focused here on functional connectivity with the aim of finding
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a measure(s) that provided reliable stimulus-type decoding—reasoning that if a neural process underlies

the content of consciousness, variation in that process should encode information relevant to the contents

of conscious perception. Through the most comprehensive comparison performed to date, we systemat-

ically evaluated 246 different measures of pairwise coupling, derived from an interdisciplinary time series

literature [92], computed between regions hypothesized to drive conscious vision in IIT and/or GNWT.

For each region–region pair, we identified multiple FC measures that decoded stimulus type with >60%

cross-validated (out-of-sample) accuracy. Importantly, in line with the predictions of GNWT, task relevance

did not generally modulate stimulus-type decoding accuracy across FC measures and region–region pairs

(including CS ↔ PFC). Classifiers trained on a pair of stimuli in the task-relevant setting generalized to

the same stimuli in the task-irrelevant setting, and vice versa, through a cross-validation paradigm. Top-

performing measures included those commonly used to quantify activity from MEG data, such as the power

envelop correlation [201, 202], as well as those novel to functional neuroimaging applications, such as the

barycenter derived from Euclidean and non-Euclidean geometry. Indeed, the top-performing time series

features that provided >60% stimulus decoding accuracy across region–region pairs common to both GNWT

(CS ↔ PFC) and IIT (CS ↔ VIS), were based upon the maximum of the squared barycenter. The barycenter

tracks the center of mass of two time series, and is sensitive to both the amplitude and relative phase of

each time series. The maximum of the squared barycenter, therefore, identifies the time point of maximum

covariance of both amplitude and phase. Since this class of features maximally decoded stimulus types,

we reasoned that statistics derived from the barycenter form strong candidates for encoding information

relevant to conscious visual perception.

We next sought to derive theoretical insight into the neural processes hypothesized to underlie conscious

vision by comparing empirical barycenter values to simulated barycenter values derived from two simple

neural mass models [204] tailored to recapitulate the pre-registered predictions (see Consortium et al. [150])

for what neural activity should be observed in each region by IIT and GNWT. The winner-take-all competition

between the two PFC masses, coupled with their slow timescale, yielded a broad distribution of maximum

(squared) barycenter timings across the stimulus onset period and stimulus offset period. In contrast, in the

IIT-based model, the CS and VIS masses exhibit a similar timescale and strong reciprocal connectivity, such

that both masses increased (and decreased) synchronously at stimulus onset and offset. This generated

tightly peaked distributions of maximum squared barycenter values at the beginning of each onset and

offset period. Quantitatively, simulated barycenter values from the GNWT-based model provided a better

approximation for the empirical data than the IIT-based model, in terms of both information cost (lower K-L

divergence values [218]) and the Wasserstein distance (also known as ‘earth mover’s distance’ [219]). It

can therefore be argued that the delayed ignition dynamics implemented in the GNWT-based model provide

a better approximation to the neural processes generating the observed data than the highly synchronized

sensory dynamics implemented in the IIT-based model.
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When combined with the result that stimulus decoding from CS ↔ PFC FC measures generalized between

task-relevant and task-irrelevant conditions, our findings lend more credence to the predictions of GNWT

than the predictions of IIT. Whereas GNWT is agnostic about the role of synchrony in sensory cortex, IIT

predicts that ignition-like dynamics in PFC reflect task demands rather than conscious perception. The

success of the GNWT model in quantitatively accounting for the data across task-relevance conditions is

therefore contrary to the predictions of IIT. Again, however, we note that this result is conditional upon the

model-based implementation of hypotheses from GNWT and IIT, and may be subject to revision should

another model—still consistent with the hypotheses—be put forward. In practice, theory testing (and re-

finement) is an iterative, rather than absolute, process [229, 230], so we regard this as a strength, rather

than weakness, of our approach. In addition, the predictions set out by Cogitate Consortium [150] are not

derived from the core of IIT and GNWT, and therefore may be revised whilst leaving the core tenets of each

theory intact [229]. This is not to say that the accuracy of the predictions should not increase or decrease

our credence in each theory; rather, this is just to point out that we should not expect to falsify [231] IIT or

GNWT outright on the basis of the results.

Before turning to a more general discussion of the approach taken in this paper, we highlight technical

limitations that should be considered when interpreting this work and our findings. Even among the top-

performing FC measures (including statistics derived from the barycenter), there is variability in stimulus

decoding performance across different experimental parameters. Much like the ‘no free lunch’ theorem in

machine learning [93, 232], our findings do not suggest a singular FC measure that will universally perform

well across all stimulus decoding contexts. It remains to be seen, therefore, whether statistics based upon

the barycenter generalize as top performers beyond the current context. Additionally, we note that our

models are phenomenological and should be thought of as quantitative summaries of the neural dynamics

hypothesized to underlie conscious perception by IIT and GNWT—rather than full implementations of the

theories themselves.

There are also potential limitations specific to our MEG-based connectivity analyses. For example, we av-

eraged across all epochs within a given event-related field type for each participant, such that each of the

N=94 participants was represented by a single data point per FC measure in a given classification analysis.

While the temporal averaging was performed to enhance the signal-to-noise ratio and reduce computational

load [212], this design might also obscure relevant inter-trial differences and/or inter-individual heterogene-

ity in neural responses to the same stimulus type and experimental setting. Additionally, we employed the

same preprocessing pipeline as in Consortium et al. [150], which employed the widely-used MNE-Python

workflow [233]. However, issues remain regarding proper source localization, environmental/biological ar-

tifact removal, and latency variability, the latter of which poses issues for interpreting asynchronous (e.g.,

lagged) FC measures [234]. Field spread is also a concern due to the difference in spatial proximity be-

tween regions—for example, VIS and CS regions are much closer together than VIS and PFC—which also

means that VIS and CS regions are more likely to exhibit similar MEG time series due to spatial autocor-
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relation that decays with distance [235]. We do note, however, that this would bias VIS and CS towards

greater synchrony (rather than less) such that this limitation does not affect the theoretical conclusions we

draw above.

Beyond the conclusions and limitations of the current study, we present a roadmap for identifying and

evaluating candidate neural correlates of consciousness in a data-driven manner that integrates with theory-

driven modeling to derive quantitative and interpretable insights. Importantly, the data-driven nature of this

approach means that one need not make a priori assumptions about which time series feature(s) will be

best suited for the process of interest. Once informative time-series features are identified, modeling plays

an indispensable role in mapping between the neural processes hypothesized to underlie the observed

dynamics and the empirically measured time series features themselves. The models we specified here

are deliberately as simple as possible, ensuring interpretability, and are also specifically constructed to

simulate barycenter values, which are sensitive to the relative amplitude and phase of the two time series.

Of note, given the rich literature in quantitative neural theory [215, 216], it will almost always be possible

to build a computational model of the neural process of interest that has a sufficient level of complexity

to capture the features picked out by a highly comparative data-driven approach. For example, had our

data-driven evaluation of FC measures identified a frequency-based measure as the top performing feature

(such as the power envelop correlation), a more complex modeling approach that explicitly incorporates

frequency-based interactions between neural masses (e.g., Mejias et al. [236]) would have been more

appropriate.

One key advantage of formal modeling is that even if the predicted time-series features are not identified as

informative, if the model includes the full suite of neural processes hypothesized by a theory to underlie a

cognitive/perceptual process of interest, the model can still be used to inform the interpretation of the time

series features that are identified as informative. Although it is not always possible, models should ideally

be built before data is collected. Indeed, a key limitation of the current study is that we built two models

based upon preregistered qualitative hypotheses. Because these hypotheses are specified in words rather

than equations, there will always be an imprecise mapping between formal models and the hypotheses

themselves. It is therefore critical for the progression of the field that we move towards formulating hypothe-

ses in quantitative terms that can directly link to formal models—which provide a concrete starting point for

revisions that may better explain the observed empirical data. Here we fit the parameters of each model

by hand, an important next step in the analysis pipeline will therefore involve leveraging previous work on

model fitting and model comparison to fit and evaluate families of theory-derived models [237, 238].

To our knowledge, this is the first study to systematically compare hundreds of FC measures for decoding

visual stimuli across task relevance settings. We focused here on bivariate coupling measures using the

pyspi toolbox [92], though this approach is readily extendable to highly comparative analysis of both uni-

variate time series [89, 90, 239] (to focus on local dynamics of a single region) or higher-order interactions
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comprising three or more regions, a rapidly growing area of research [25, 26]. Combining across differ-

ent scales of dynamics, from local to higher-order, could paint a fuller picture of the rich neural complexity

driving a biological phenomenon like conscious visual perception [79]. In addition, an important avenue

for future work will be to quantitatively compare measures that distinguish between conscious and uncon-

scious stimuli, allowing us to isolate the processes that make a stimulus conscious—rather than focusing

on the neural process underlying consciously perceived stimuli, as we did here. Importantly, our data-driven

approach also generalizes across neuroimaging modalities and, when combined with neural modeling, of-

fers clear insights into the processes hypothesized to generate empirically observed brain dynamics. Large

openly available datasets are becoming more and more common in consciousness science, while the field is

concurrently moving towards more quantitative neural theories [240–245]. There is, therefore, a unique op-

portunity for collaborations between experimentalists, data analysts, and neural modelers to systematically

build, and quantitatively compare, measures and theories of consciousness.
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5
Extracting interpretable signatures of

whole-brain dynamics through
systematic comparison

It’s never the [measure] you most suspect. It’s also never the [measure] you least suspect, since anyone
with half a brain would suspect them the most.

Dwight K. Schrute, The Office, Season 6 Episode 10

The empirical analyses presented thus far have focused on a single level of component granularity in isola-
tion, particularly that of pairwise coupling between regions. Without the principled comparison of candidate
features within, much less across, a representation type, brain-imaging studies across diverse and impor-
tant applications—from functional fingerprinting [246] to targeted stimulation of a neural circuit [42, 43]—may
rely on sub-optimal, subjective choices that could obscure the most relevant (and potentially most parsimo-
nious) dynamical structures. To address this gap, in this chapter, we introduce a systematic approach to
capture informative dynamical structure from neural time-series data that compares across a broad range
of interpretable analysis methods, bridging across individual components of a system (e.g., activity within
individual regions) and interactions between components (e.g., the functional connectivity between region–
region pairs). This comprehensive framework encompasses five different representations with increasing
complexity, from the localized activity of a single brain region up to the distributed activity of all brain re-
gions and their pairwise interactions. We apply this method to quantitatively compare brain dynamics in
each of four distinct neuropsychiatric disorders relative to neurotypical controls. This chapter embodies the
central thesis themes of parsimony and biological interpretability by prioritizing simple linear classifiers and
examining performance gains relative to dimensionality and complexity with each representation.

This chapter is published as: Bryant, A. G., Aquino, K., Parkes, L., Fornito, A., & Fulcher, B. D. Extracting
interpretable signatures of whole-brain dynamics through systematic comparison. PLOS Computational
Biology (2024), doi: 10.1371/journal.pcbi.1012692.
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ABSTRACT

The brain’s complex distributed dynamics are typically quantified using a limited set of manually selected
statistical properties, leaving the possibility that alternative dynamical properties may outperform those
reported for a given application. Here, we address this limitation by systematically comparing diverse, inter-
pretable features of both intra-regional activity and inter-regional functional coupling from resting-state func-
tional magnetic resonance imaging (rs-fMRI) data, demonstrating our method using case–control compar-
isons of four neuropsychiatric disorders. Our findings generally support the use of linear time-series analysis
techniques for rs-fMRI case–control analyses, while also identifying new ways to quantify informative dy-
namical fMRI structures. While simple statistical representations of fMRI dynamics performed surprisingly
well (e.g., properties within a single brain region), combining intra-regional properties with inter-regional
coupling generally improved performance, underscoring the distributed, multifaceted changes to fMRI dy-
namics in neuropsychiatric disorders. The comprehensive, data-driven method introduced here enables
systematic identification and interpretation of quantitative dynamical signatures of multivariate time-series
data, with applicability beyond neuroimaging to diverse scientific problems involving complex time-varying
systems.

5.1 INTRODUCTION

Quantifying the dynamical structures in a complex system like the brain can clarify relationships across
scales—for example, from individual neuronal populations to macroscopic brain states. In the brain, as with
other complex systems, there are myriad ways to represent different types of dynamical patterns, many of
which involve discretizing the brain into ‘regions’ [1, 2]. Neuroimaging modalities like functional magnetic
resonance imaging (fMRI) measure brain activity within voxels that are typically aggregated into such brain
regions, yielding a region-by-time multivariate time series (MTS). While an MTS can be analyzed using
statistics derived from a vast theoretical literature on time-series analysis [183], only a limited set of methods
are typically used to summarize fMRI data. For example, most resting state-fMRI (rs-fMRI) studies have
examined functional connectivity (FC) between pairs of brain regions by computing the Pearson correlation
coefficient [10, 11], a zero-lag cross-correlation that assumes a joint bivariate Gaussian distribution, which
may not always hold with rs-fMRI data [11, 82].

An MTS comprised of rs-fMRI data can be summarized at multiple levels, including: (i) individual regional
dynamics; (ii) coupling or communication between pairs of regions across distributed networks; and (iii)
higher-order interactions amongst multiple regions [24]. The choice of how to represent the rich dynamical
structure in a brain-imaging dataset—e.g., intra-regional activity (properties of the fMRI signal time series
for a given region) or inter-regional coupling (statistical dependence of the fMRI signal time series for two
regions)—and which statistical properties, or ‘features’, to measure is typically made manually by a given
researcher. Of the few studies to directly compare alternative time-series features for functional connectivity,
or (less commonly) intra-regional activity, the examined set of statistics is usually limited in scope and
size [13–15]. Intra-regional activity is often overlooked in favor of inter-regional functional connectivity,
in part because of the hypothesis that neuropsychiatric disorders arise from disruptions to inter-regional
coupling and integration, with local dynamics alone insufficient to explain or predict diagnosis [35, 247–

65



Chapter 5 Annie Gilmore Bryant

251]. However, this hypothesis has yet to be evaluated systematically, and conclusions about the lack
of localized disruptions are largely based on previous work that has examined regional properties based
on graph theory (e.g., degree centrality or node strength for a seed region in an FC matrix) [252, 253]
or a handful of time-series features like the fractional amplitude of low-frequency fluctuations (fALFF) [4,
5] or regional homogeneity (ReHo) [6]—which could miss more nuanced changes to the blood oxygen-
level dependent (BOLD) dynamics of a given brain region. Indeed, quantifying intra-regional activity can
yield whole-brain maps of localized disruption, aiding interpretability and opening the door for new types
of questions that are inaccessible using pairwise FC, such as how a given region responds to the targeted
stimulation of another region [42].

Addressing the challenge of tailoring an appropriate methodology to a given data-driven problem, ‘highly
comparative’ feature sets have recently been developed to unify a comprehensive range of algorithms from
across the time-series literature, enabling broad and systematic comparison of time-series features (that
would previously have been impractical). For example, the hctsa library includes implementations of thou-
sands of interdisciplinary univariate time-series features [89, 90], and the pyspi library includes hundreds of
statistics of pairwise interactions [92]. These algorithmic libraries have since been applied to systematically
compare feature-based representations of diverse complex systems, from arm movement during various
types of exercise [92] to light curves of different types of stars [254]. While it has been posited that rs-fMRI
is too noisy and poorly sampled in time for more sophisticated time-series analysis methods (e.g., that have
been applied to EEG data) [76–78], emerging applications of both hctsa and pyspi to rs-fMRI data have
highlighted the utility of venturing beyond standard linear time-series analysis for both intra-regional [83]
and inter-regional dynamics [84]. These highly comparative time-series feature approaches can distill the
most informative biomarkers for a given application, such as distinguishing fMRI scans obtained at rest vs
while watching a film [92] or comparing neurophysiological dynamics with cortical microarchitecture [239] or
structural connectivity [255]. Importantly, time-series analysis methods developed outside of the neuroimag-
ing space (such as dynamic time warping, originally developed for spoken word recognition [88]) have been
shown to usefully quantify patterns in fMRI dynamics [85–87], underscoring the benefit of examining a
comprehensive and interdisciplinary range of analysis methods.

To date, prior highly comparative analyses have focused on either intra-regional activity or inter-regional
coupling separately, which fails to address which of the two—or indeed their combination—is optimal for a
given problem. This question of which dynamical properties to capture from a complex dynamical system,
and which algorithms might best capture them, is common to many data-driven studies, leaving open the
possibility that alternative ways of quantifying dynamical structures may be more appropriate (e.g., yield bet-
ter performance, clearer interpretation, or computational efficiency) for a given problem at hand. To address
this gap, here we introduce a systematic method to evaluate multiple data-driven univariate time-series
features, pairwise interaction statistics, and their combination, which is generally applicable to data-driven
problems involving distributed time-varying systems. In the context of fMRI MTS, combining properties
of intra-regional activity and inter-regional coupling is motivated by findings that the two representations
synergistically improve classification performance across a variety of clinical settings including schizophre-
nia [35], Alzheimer’s disease [36], nicotine addiction [37], and attention-deficit hyperactivity disorder [256].
Our method is applied to rs-fMRI for case–control classification of four neuropsychiatric disorders as an
exemplary case study: schizophrenia (SCZ), bipolar I disorder (BP), attention-deficit hyperactivity disorder
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(ADHD), and autism spectrum disorder (ASD).

Neuroimaging-based diagnosis of psychiatric disorders is an area of great interest, as diagnosis is currently
based on behavioral criteria [119] and is hindered by patient heterogeneity [257, 258] as well as inter-rater
reliability issues [259, 260]. Increasingly large open-source rs-fMRI datasets spanning neuropsychiatric
disorders like schizophrenia [261] and autism spectrum disorder [262, 263] have co-evolved with the pub-
lication of increasingly complex classifiers like deep neural networks, which employ intricate algorithmic
architectures that can be challenging to interpret [124, 264, 265]. Despite the improvements to in-sample
classification performance often afforded by this increased complexity, core goals of neuroimaging-based
classification studies include: (1) unpacking the neuroanatomical and functional underpinnings of a given
disorder; and (2) developing a generalizable classification framework that aids the diagnosis of future (un-
seen) patients [119–123]. Here, we implement linear support vector machine (SVM) classifiers to combine
features based on clear algorithms derived from interdisciplinary literature, aiming to compare and con-
trast the types of underlying dynamical processes that distinguish brain activity across disorders—rather
than absolute classification performance [42, 266]. Broadly, insights into the dynamical processes that are
altered can deepen understanding of mechanisms underlying disease pathogenesis and progression, po-
tentially yielding clinically translatable biomarkers [267, 268]. This study is accompanied by a repository
that includes code to reproduce all presented analyses and visualizations [269].

5.2 RESULTS

Starting with an rs-fMRI blood oxygen level-dependent (BOLD) signal MTS, in the form of brain regions
sampled over time as shown in Fig. 5.2.1A(i-ii), we quantified both intra-regional dynamics (Fig. 5.2.1A[iii])
and pairwise coupling (Fig. 5.2.1A[iv]) using interpretable time-series features derived from a rich inter-
disciplinary scientific literature. We employed a case study comprising four neuropsychiatric disorders
across two cohorts (as schematically depicted in Fig. 5.2.1B and summarized in Table 5.4.1). To repre-
sent intra-regional BOLD activity fluctuations, we computed 25 univariate time-series features that included
the catch22 feature set [91], as schematically depicted in Fig. 5.2.1C. The catch22 features were distilled
from an initial library of over 7000 candidate features [90] to concisely capture diverse properties of local
dynamics, such as distributional shape, linear and nonlinear autocorrelation, and fluctuation analysis [91]
(as described further in Methods Sec. 5.4.2). We also included three additional features: the mean and
standard deviation (SD)—based on our previous findings that these first two moments of a time series
distribution can be highly informative in a given application [271]—and fALFF as a benchmark statistic for
localized rs-fMRI dynamics [4, 272]. Inter-regional FC was summarized using 14 statistics for pairwise
interactions (SPIs) derived as a representative subset from an initial library of over 200 candidate SPIs
in the pyspi library [92], including the Pearson correlation coefficient. This set of SPIs includes statistics
derived from causal inference, information theory, and spectral methods, which collectively measure a va-
riety of coupling patterns (directed vs. undirected, linear vs nonlinear, synchronous vs lagged) that paint a
fuller picture of inter-regional communication patterns [13, 85, 92]. The full list of univariate and pairwise
time-series features and brief descriptions are provided in Tables 5.4.2 and 5.4.3.

In order to understand how well localized intra-regional dynamical properties and/or inter-regional FC could
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Figure 5.2.1: In this study, we systematically compared different ways of quantifying dynamical patterns
from resting-state fMRI time series, focusing on statistics of local regional dynamics and pairwise cou-
pling across four neuropsychiatric disorders. A. For a given resting-state fMRI volume (i), the cortex and
subcortex are divided into individual regions from which the voxel-averaged BOLD signal time series is extracted
(ii). Two key ways of quantifying dynamical patterns from these data are to: (iii) measure properties of the dynam-
ics of individual brain regions (green); or (iv) to compute statistical dependencies between pairs of regions (pink
and blue). B. To evaluate the performance of different types of dynamical representations of an fMRI time-series
dataset (for identifying disease-relevant changes in neural activity), we included four neuropsychiatric exemplars
originating from two open-access datasets: the UCLA CNP LA5c study [261] and the ABIDE I/II studies [262,
263, 270]. Each of the two cohorts also included cognitively healthy controls for comparison (N = 116 for UCLA
CNP, N = 578 for ABIDE). C. For each type of dynamical structure that we extracted from an fMRI dataset (i.e.,
for each feature-based ‘representation’ of the data), we computed interpretable time-series features that encap-
sulate a diverse range of activity properties. Local dynamical properties were quantified from each brain region
using a set of 25 time-series features (the catch22 feature set [91] along with the mean, SD, and fALFF). Inter-
actions between all pairs of regions were quantified using a set of 14 statistics of pairwise interactions (SPIs),
comprising a representative subset from the pyspi package [92]. Values for both univariate time-series features
and sets of pairwise coupling strengths from SPIs were captured in feature vectors that encapsulate a given type
of interpretable dynamical structure(s). D. We evaluated case–control classification performance for each neu-
ropsychiatric disorder using linear SVM classifiers fit to each of five distinct ways of representing resting-state
fMRI properties: (i) all 25 univariate time-series features in an individual region, Aregion; (ii) whole-brain maps of
an individual time-series feature, Afeature; (iii) whole-brain maps of all 25 univariate time-series features, Auni_combo;
(iv) functional connectivity (FC) networks across all region pairs using one SPI, AFC; and (v) AFC along with all 25
univariate time-series features computed from all brain regions (Auni_combo), termed AFC_combo.
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distinguish cases from controls, we systematically compared five distinct representations of BOLD activity
dynamics, labeled Aregion, Afeature, Auni_combo, AFC, and AFC_combo, as illustrated in Figs 5.2.1D(i)–(v):

1. Aregion (Fig. 5.2.1D[i]) represents each rs-fMRI time series using a set of features capturing 25 dynam-
ical properties of an individual brain region. Strong classification performance in this representation
suggests localized, region-specific changes in neural activity in the corresponding disorder.

2. Afeature (Fig. 5.2.1D[ii]) represents each rs-fMRI time series using a given time-series feature that
captures a single dynamical property from all brain regions (82 for SCZ, BP, and ADHD, and 48
for ASD). Strong classification performance in this representation suggests that a specific property
of intra-regional resting activity is altered in one or more part(s) of the brain in the corresponding
disorder.

3. Auni_combo (Fig. 5.2.1D[iii]) represents each rs-fMRI time series using a set of features combining the
25 time-series properties evaluated across all brain regions. For this representation to out-perform
Aregion and/or Afeature individually, it suggests changes to different time-series properties across differ-
ent regions that could not be fully captured by either reduced representation.

4. AFC (Fig. 5.2.1D[iv]) represents each rs-fMRI time series using a set of features that capture all pairs
of inter-regional coupling strengths computed using a single SPI. Strong classification performance in
this representation suggests that a specific type of inter-regional coupling is altered amongst one or
more brain region pairs in the corresponding disorder.

5. AFC_combo (Fig. 5.2.1D[v]) represents each rs-fMRI dataset as a set of features that capture all pairs of
inter-regional coupling from a given SPI (as AFC) as well as 25 time-series properties of all individual
brain regions (as Auni_combo). For this representation to outperform AFC, it suggests the presence of
complementary and disease-relevant information in both localized intra-regional activity and pairwise
coupling that is not captured with FC alone.

We first discuss each analytical representation individually to examine the types of biological and method-
ological insights each representation affords in Results sections 5.2.1-5.2.5, then we systematically com-
pare the performance of cross-validated classifiers based on each of the five representations in Results
section 5.2.6. In all analyses, classification performance was evaluated using cross-validated balanced
accuracy (i.e., the arithmetic mean of sensitivity and specificity, cf. [273]) measured using linear SVM clas-
sifiers; see Methods Sec. 5.4.3 for details on classifier selection.

5.2.1 ANALYSIS AREGION: CHARACTERIZING LOCALIZED CHANGES TO INTRA-REGIONAL
DYNAMICS ACROSS DISORDERS

With Analysis Aregion, we propose that if the BOLD activity in a single brain region is disrupted across
patients relative to controls, the intra-regional dynamical properties of that region can meaningfully dis-
tinguish cases from controls in the corresponding disorder (as depicted in Fig. 5.2.1D[i]). Such a result
would contrast with previous studies positing that neuropsychiatric disorders like schizophrenia and ADHD
are characterized by inter-regional dysfunction across distributed networks, rather than spatially localized
disruptions [249, 272, 274, 275]. By reducing the complexity of an individual’s rs-fMRI data down to 25
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Figure 5.2.2: Local properties of BOLD dynamics within individual regions distinguish SCZ and BP cases 
from controls, and classification performance improves by combining all regions and time-series fea-
tures. A. We investigate how the dynamics of a given individual brain region can distinguish cases from controls 
per disorder in Aregion (cf. Fig. 5.2.1D[i]). The balanced accuracy is shown for all brain regions as a raincloud distri-
bution, where each point corresponds to the mean classification performance (over 100 cross-validated test folds) 
of a single region. Points are colored to indicate a statistically significant balanced accuracy metric (Benjamini–
Hochberg Pcorr < 0.05, corrected across 82 brain regions for SCZ, BP, and ADHD and 48 brain regions for ASD) 
or grey for Pcorr > 0.05. The horizontal line within each half-violin indicates the mean balanced accuracy across 
all brain regions for the corresponding disorder. B. The mean case–control classification balanced accuracy is 
shown for each brain region in Desikan–Killiany brain maps for SCZ (i) and BP (ii). Only statistically significant 
brain regions (Pcorr < 0.05, corrected across 82 regions) are shaded, and the total number of significant brain 
regions are indicated for SCZ (34) and BP (4). C. We evaluate how a given dynamical property measured across 
the entire brain can distinguish cases from controls per disorder Afeature (cf. Fig. 5.2.1D[ii]). For the 11 time-
series features which yielded brain maps that significantly distinguished cases from controls in SCZ and/or ASD 
(Pcorr < 0.05, corrected across 25 time-series features), the balanced accuracy is shown across all 100 test folds
per feature (such that each point indicates one fold). D. The feature similarity score, |ρfeature|, between each pair of
the 11 features from C is visualized as a heatmap, revealing four distinct clusters of features based on their
values measured across all brain regions from all control participants, along with the UCLA CNP SCZ group and 
ABIDE ASD group. E. We examine how the combination of all 25 time-series features measured from all brain 
regions can distinguish cases from controls across disorders in Auni_combo (cf. Fig. 5.2.1D[iii]). To compare the 
performance of this combination classifier with that of individual regions and time-series features, the mean bal-
anced accuracy is shown for all brain regions (upper row, labeled Aregion), the combination classifier (middle row, 
labeled Auni_combo), and time-series features (bottom row, labeled Afeature). Lines are included as a visual guide 
to aid comparison. Colored dots indicate a classification model with significant balanced accuracy (Pcorr < 0.05);
gray dots indicate models that are not significant (Pcorr > 0.05).
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time-series features that encapsulate the dynamical properties of an individual region, we can interpret the
results through a spatial map of disrupted fMRI dynamics in each disorder. As shown in Fig. 5.2.2A, multiple
brain regions exhibited dynamics that significantly distinguished cases from controls (defined as Benjamini–
Hochberg corrected Pcorr < 0.05, one-tailed permutation test) in SCZ (34/82 individual regions) and in BP
(4/82 regions), but not in ADHD or ASD; see Table S1 for full brain region balanced accuracy results1.
The spatial distribution of intra-regional differences in underlying dynamics (assessed via cross-validated
balanced accuracy) is shown for each brain region in Fig. 5.2.2B(i) and (ii) for SCZ and BP, respectively;
results for ADHD and ASD are shown in Fig. S1C, though we focus on SCZ and BP here2.

In SCZ, BOLD dynamics of medial occipital brain regions were the most informative of diagnosis, as shown
in Fig. 5.2.2B(i). Specifically, against a background of half of all brain regions yielding significant classifica-
tion performance, dynamical signatures of activity in the left pericalcarine cortex best classified SCZ cases
from controls, with 72.7 ± 11.2% (mean ± standard deviation) balanced accuracy (one-tailed permutation
test, Pcorr = 2×10−4, corrected across 82 brain regions), followed closely by the right cuneus (69.3±12.6%,
Pcorr = 2× 10−3) and left cuneus (68.0± 11.0%, Pcorr = 3× 10−3; see Fig. S1A for individual region test-fold
distributions). The relatively high performance of these medial occipital structures was unique to SCZ (com-
pared to the other three disorders), which may reflect an SCZ-specific signature of localized alterations to
visual areas. By contrast, subcortical structures like the right hippocampus (67.4± 14.4%, Pcorr = 0.02) and
left thalamus (65.1 ± 11.9%, Pcorr = 0.03) distinguished BP cases from controls with the highest balanced
accuracy. Among the significant brain regions in SCZ and BP, only one brain region (the left thalamus)
was shared between the two disorders (cf. Fig. S1B), suggesting different spatial distributions of localized
alterations in each disorder. We confirmed that the case–control classification performance across brain
regions in SCZ and BP was not biased by overall region volume or by gray-matter volume differences be-
tween cases versus controls, as had been previously posited [35] (cf. Fig. S2 and Table S2). We also
confirmed that the intra-regional dynamics of all significant brain regions distinguished SCZ and BP cases
from controls better than a classifier trained solely on age and sex for each disorder (results shown in Ta-
ble S3), indicating the intra-region dynamical features are capturing disorder-relevant differences beyond
these basic demographic features (cf. Fig. S3E; Table S3). However, we found that including age, sex, and
head motion (quantified as mean framewise displacement, or FD) improved classification performance for
some brain regions in SCZ and BP—particularly for SCZ, for which mean FD was significantly higher than
controls (cf. Fig. S3C,D). While this does not necessarily indicate that intra-regional dynamics are biased
by these confounding variables, one should interpret the biological ramifications of region-specific findings
with caution given the ability of confound variables to distinguish diagnostic groups.

5.2.2 ANALYSIS AFEATURE: ASSESSING CHANGES IN BRAIN-WIDE MAPS OF INDIVIDUAL
DYNAMICAL PROPERTIES ACROSS DISORDERS

In this section, we asked whether an individual time-series feature of intra-regional dynamics measured
across all brain regions could statistically distinguish cases from controls. Strong classification performance
in this representation would suggest that the given property is altered in one or more brain regions across
cases of the corresponding disorder. To address this, we fit a separate classification model for each time-

1Supplementary tables are not reproduced in this thesis, but can be accessed in the electronic manuscript version.
2Supplementary figures are included in Appendix 4.
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series feature, computed across all brain regions, as schematically depicted in Fig. 5.2.1D(ii). As shown in
Fig. 5.2.2C, between SCZ and ASD, brain-wide maps of 11 out of the 25 intra-regional time-series features
yielded significant balanced accuracies in at least one of the four disorders (one-tailed permutation test
Pcorr < 0.05, corrected across 25 features; see Table S4 for all balanced accuracy results). Notably, the
average feature classification performance was generally lower in ASD than in SCZ, and after adjusting for
multiple comparisons, no time-series features significantly distinguished BP or ADHD cases from controls.
Three features distinguished both SCZ and ASD cases from controls with significant balanced accuracies:
the BOLD SD, the frequency corresponding to the centroid of the power spectral density (‘centroid_freq’),
and the first 1/e crossing of the linear autocorrelation function (‘ACF_timescale’). By contrast, seven ad-
ditional time-series features individually distinguished SCZ cases, and one additional feature distinguished
ASD cases from controls; the extent of feature overlap is visually summarized in Fig. S4A.

In order to summarize the types of time-series properties that were informative of SCZ and/or ASD diagno-
sis, we computed a similarity index |ρfeature| (defined as the absolute Spearman rank correlation between
feature values measured from all brain regions in all control participants together with the UCLA CNP SCZ
and ABIDE ASD groups) between all pairs of the 11 total significant features in Fig. 5.2.2C (see Table S5
for a list of |ρfeature| values for all pairs of features). As shown in Fig. 5.2.2D, we found one cluster of
features that are generally sensitive to the linear self-correlation structure of a time series. This feature
cluster notably included fALFF, which exhibited similar behavior across the dataset as the first 1/e crossing
of the linear autocorrelation function (‘ACF_timescale’, |ρfeature| = 0.65), the power in the lowest 20% of fre-
quencies (‘low_freq_power’, |ρfeature| = 0.63), and the centroid of the power spectral density (‘centroid_freq’,
|ρfeature| = 0.58). Some features in this cluster are sensitive to nonlinear structure in the time series, such as
the entropy computed over probabilities of patterns over two time-steps (‘entropy_pairs’), which significantly
distinguished SCZ cases from controls. The ‘periodicity’ feature is also derived from the linear autocorrela-
tion function, capturing the first local maximum of the ACF that meets criteria described in Wang et al. [276],
displaying similar behavior to the features in the linear autocorrelation cluster (all 0.4 ≤ |ρfeature| ≤ 0.55).
By contrast, the ‘DFA’ feature (which implements detrended fluctuation analysis to estimate the timescale
at which the sharpest change in the scaling regime occurs [277]) was largely unrelated to all ten other
features (all |ρfeature| < 0.2), and was the second highest performing feature in SCZ alone (64.1 ± 13.3%,
Pcorr = 8 × 10−3). In general, the linear features shown in Fig. 5.2.2D collectively exhibited better clas-
sification performance in SCZ and ASD than most nonlinear properties we examined, such as the time
reversibility statistic ‘trev’ that measures nonlinear autocorrelation structure (all mean balanced accuracy
values <57% across disorders).

The SD and mean stood out as other high-performing features, which is notable given their sensitivity to
the raw rs-fMRI BOLD time series distributions—in contrast to the other 23 features we evaluated, which
were all computed from z-score normalized time series to capture properties of the underlying dynamics.
Consistent with prior work [271], the BOLD SD was the top-performing feature for both SCZ (69.8± 11.7%,
Pcorr = 1 × 10−4) and ASD (59.5 ± 4.4%, Pcorr = 1 × 10−6); by contrast, the mean rs-fMRI BOLD signal
only distinguished SCZ cases from controls (63.5 ± 12.7%, Pcorr = 0.01). BOLD SD has previously been
reported as a powerful biomarker across diverse applications [278], including in case–control classification
for SCZ [279, 280] and ASD [281]. However, brain-wide BOLD SD has also been quantitatively linked to
head motion in the scanner [282, 283], and both SCZ and ASD groups showed greater head movement than
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controls (cf. Fig. S5A and Table S6). We therefore computed the Pearson correlation coefficient between
mean framewise displacement (FD) and BOLD SD to assess their linear relationship, finding significant
associations at the whole-brain level for ASD but not for SCZ (cf. Fig. S5B and Table S7)—suggesting
different underlying biological mechanisms driving neural signal variability in the two disorders.

In summary, the Afeature analysis revealed that brain-wide maps of the BOLD SD and properties sensitive
to linear autocorrelation structure could distinguish cases from controls in SCZ and ASD, performing well
compared to more complex and/or nonlinear statistics. This supports the general use of linear time-series
features—like the centroid frequency of the power spectral density (‘centroid_freq’) or timescale of the
autocorrelation function (‘ACF_timescale’)—to parsimoniously summarize relevant properties of rs-fMRI
dynamics, while also highlighting the potential utility of the SD to clarify disorder-relevant differences in
BOLD signal variance measured across brain regions.

5.2.3 ANALYSIS AUNI_COMBO: COMBINING MULTIPLE BRAIN REGIONS AND TEMPORAL PROP-
ERTIES TO REPRESENT WHOLE-BRAIN FMRI DYNAMICS ACROSS DISORDERS

In contrast to the previous two reduced representations of intra-regional dynamics across the brain—in
either a single region (Aregion) or of a single time-series property (Afeature)—we next asked if a more com-
prehensive representation that integrates multiple time-series properties of resting-state activity measured
from all brain regions could improve case–control classification performance. This entails a much higher-
dimensional representation of brain-wide dynamics (2050 dimensions for the UCLA CNP cohort: SCZ,
BP, and ADHD, and 1200 dimensions for the ABIDE ASD cohort). Higher-dimensional input spaces are
more prone to overfitting due to greater complexity from more free parameters (described as the ‘curse
of dimensionality’ [125]), and potentially from noise accumulation in the setting of noisy features [284]. To
account for potential overfitting, we applied 10-repeat 10-fold cross-validation and we report out-of-sample
performance to evaluate the generalizability of a model’s predictive performance [285]. An improvement in
performance (assessed via balanced accuracy) in this representation would therefore suggest that multiple
properties of intra-regional activity measured across multiple spatial locations are important for character-
izing a given disorder, in a way that cannot be reduced to a single region or single time-series feature. To
investigate this question, we concatenated all intra-regional features computed from the whole brain into a
single ‘combination’ classifier model, Auni_combo, as depicted schematically in Fig. 5.2.1D(iii).

Figure 5.2.2E shows the mean balanced accuracy using this comprehensive representation of local dynami-
cal properties across all brain regions as singular points in the middle row (Auni_combo) for each disorder (see
Table S8 for balanced accuracy results). We found that the Auni_combo representation distinguished cases
from controls particularly well for SCZ (69.5±12.0%, one-tailed permutation test P = 1×10−7, Fig. 5.2.2E[i])
and BP (69.8± 11.6%, P = 2× 10−8, Fig. 5.2.2E[ii]), as indicated by the points located far from chance per-
formance (shown as dashed lines at 50%). The strong performance in SCZ is consistent with the large
number of individual brain regions (34) and intra-regional time-series features (10) that yielded significant
classification balanced accuracies on their own (cf. Fig. 5.2.2B,C). By contrast, only four individual brain
regions (and zero individual time-series features) significantly distinguished BP cases from controls, sug-
gesting that BP is better characterized by the combination of multiple types of alterations to BOLD dynamics
in multiple brain areas. This combination classifier did not statistically differentiate ADHD cases from con-
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trols (49.8 ± 8.7%, P = 5 × 10−1, Fig. 5.2.2E[iii]), which is consistent with the lack of significant individual
brain regions in Aregion (Sec 5.2.1) or time-series features in Afeature (Sec 5.2.2). We tested the possibility
that the null performance of the Auni_combo classifier in ADHD may be at least partially attributable to noise
accumulation [284], though we found no improvement in classification performance with a PCA-reduced
feature space (cf. Fig. S6B) nor with different classifier types (cf. Fig. S7 and Table S9).

The combination classifier did significantly distinguish ASD cases from controls, albeit with lower balanced
accuracy than with SCZ or BP (53.6 ± 4.7%, P = 1 × 10−10, Fig. 5.2.2E[iv]). We found similar results
when we restricted our analysis to either of the two largest individual ABIDE sites (cf. Fig. S8B and Ta-
ble S10), indicating that the lower performance cannot be entirely ascribed to the heterogeneity of the large
multi-site ABIDE sample. We did find modest improvements in ASD classification performance using a
nonlinear radial basis function (RBF) kernel as part of our robustness analysis (cf. Fig. S7A, Table S9),
indicating that nonlinear feature-space boundaries better distinguished ASD cases from controls. In this
high-dimensional feature space, this result is consistent with a larger dataset enabling more complex clas-
sification approaches to better capture signal, in a way that would be at higher risk of overfitting in a smaller
dataset.

In summary, the Auni_combo approach to quantifying fMRI dynamics allowed us to combine multiple properties
of intra-regional dynamics from multiple brain regions in a way that can distinguish cases from controls,
particularly for SCZ and BP, demonstrating the utility of combining whole-brain maps of multiple time-series
features for a given classification problem.

5.2.4 ANALYSIS AFC: COMPARING FEATURES OF INTER-REGIONAL FUNCTIONAL CON-
NECTIVITY ACROSS DISORDERS

While the previous three analyses focused on the BOLD dynamics of individual regions, in this section,
we asked how patterns of distributed communication between pairs of brain regions assessed via func-
tional connectivity (FC) capture case–control differences in each of the four disorders. We quantified
pairwise communication as time-series dependencies, venturing beyond the traditional linear, contempo-
raneous Pearson correlation-based functional connectivity to compare its ability to distinguish cases from
controls relative to thirteen other statistics of pairwise interactions (SPIs) from the pyspi library [92]. In
total, these fourteen SPIs collectively measure different types of inter-regional coupling, including non-
linear, time-lagged, and frequency-based interactions, derived from literature including causal inference,
information theory, and spectral methods (see Methods, Sec. 5.4.2 and Table 5.4.3 for more details). By
comparing multiple different types of functional coupling, we aimed to investigate whether the Pearson cor-
relation coefficient is comparatively a top performer, or if alternative metrics would be more sensitive to
case–control differences in a given disorder. As depicted schematically in Fig. 5.2.1D(iv), each SPI was
computed between the rs-fMRI time series of all region–region pairs per participant, and we concatenated
values across all region–region pairs as classifier inputs for each SPI (see Methods, Sec. 5.4.3). Supplying
the full region–region pair space to the linear SVM allows the classifier to learn global properties of brain
connectivity through linear combinations of region pairs, like the brain-wide mean correlation [286].

We found that for SCZ and ASD, representing rs-fMRI dynamics through pairwise coupling significantly
distinguished cases from controls—for five SPIs in SCZ (Pcorr < 0.05, one-tailed permutation test, corrected
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Figure 5.2.3: Representing brain activity as the set of all pairwise functional connectivity strengths, AFC,
can significantly distinguish cases from controls, with the classical Pearson correlation coefficient (cap-
turing linear contemporaneous coupling) a top performing metric. A. For the 6 SPIs features which yielded
brain maps that significantly distinguished cases from controls in SCZ and/or ASD (Pcorr < 0.05, corrected across
14 SPIs), the balanced accuracy is shown across all 100 test folds per SPI (such that each point indicates one
fold). The Pearson correlation coefficient is annotated in boldface for easier reference. B. The SPI similarity score,
|ρSPI|, is visualized between each pair of the 6 SPIs from A as a heatmap, revealing three clusters of SPIs with
similar behavior on the dataset (based on their outputs across all region–pairs and in all control participants, as
well as the UCLA CNP SCZ group and ABIDE ASD group). As in A, the Pearson correlation coefficient annotation
is shown boldface.
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for 14 comparisons using the method of Benjamini–Hochberg) and six SPIs in ASD. The test fold–wise
balanced accuracy distribution is shown for each SPI in SCZ and ASD in Fig. 5.2.3A (see Table S11 for
all balanced accuracy results). By contrast, none of the fourteen SPIs significantly classified BP or ADHD
cases from controls; the distribution for the top five performing SPIs in BP is visualized in Fig. S9B, although
we focus on SCZ and ASD in this section. Note that while some SPIs showed case–control differences
in brain-wide average FC values (cf. Fig. S10), the global mean FC values performed similar or worse to
classifiers supplied with the full region–region pair matrix (cf. Fig. S11).

The significant performance of multiple individual SPIs suggests that inter-regional communication patterns
were disrupted in both SCZ and ASD in a way that pairwise FC metrics are generally well suited to capture,
consistent with prior work [287, 288]. Notably, the Pearson correlation coefficient performed well (similarly
to the raw covariance matrix, cf. Fig. S12), yielding the highest classification balanced accuracy for SCZ
(67.3± 12.6%, Pcorr = 1× 10−4, corrected across 14 SPIs) and ASD (59.5± 4.4%, Pcorr = 1× 10−9) (it was
also among the best SPIs for BP, although this was not statistically significant; cf. Fig. S9B[ii]). In order
to better understand the types of SPIs that performed well for SCZ and ASD, we computed an empirical
SPI similarity index (|ρSPI |) using the same method as implemented in Afeature above (i.e., computed across
all controls as well as SCZ and ASD participants; cf. Sec. 5.2.2). As shown in Fig. 5.2.3B (and listed
in Table S12), the Pearson correlation coefficient behaved most similarly to dynamic time warping (DTW,
similarity index |ρSPI | = 0.40), which incorporates shifts and dilations between a pair of time series [88,
289] and has previously been suggested as a promising alternative to standard correlation for rs-fMRI
analysis [85]. Other top-performing SPIs included directed information (‘DI’, [290]) and Φ∗ [203], which
captured different types of pairwise coupling compared to the Pearson correlation coefficient and DTW,
as shown in Fig. 5.2.3B, and warrant further investigation in future work. We found similar results when
assessing multi-diagnosis classification performance in the UCLA CNP cohort (cf. Fig. S13). Ultimately, the
Pearson correlation coefficient was both the top-performing SPI based on case–control classification and
the most parsimonious, underscoring the utility of measuring linear, synchronous inter-regional coupling
under a Gaussian assumption to capture disorder-relevant pairwise dependence structures from rs-fMRI.

5.2.5 ANALYSIS AFC_COMBO: INTEGRATING LOCAL REGIONAL DYNAMICS WITH PAIRWISE
COUPLING INTO ONE CLASSIFICATION MODEL ACROSS DISORDERS

Having demonstrated that multiple statistical representations of fMRI time series—based on intra-regional
dynamics and inter-regional coupling—can distinguish cases from controls in each disorder, we next asked
whether a unified representation combining intra-regional and inter-regional properties would offer comple-
mentary information about rs-fMRI activity that could better distinguish cases from controls. To test this, for
each SPI, we concatenated the FC matrix (AFC) with the full region × univariate feature matrix (Auni_combo),
forming the basis for analysis AFC_combo as depicted schematically in Fig. 5.2.1D(v). We then evaluate how
well each SPI plus the full Auni_combo matrix of local dynamics could distinguish cases from controls in each
disorder.

As shown in Fig. 5.2.4A, combining local dynamics with pairwise coupling allowed us to classify cases from
controls with significant balanced accuracy for all 14 SPIs in SCZ, BP, and ASD (Pcorr < 0.05, correcting for
14 SPIs; with the exception of phase lag index, ‘PLI’, for BP; see Table S13 for full results). None of the
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Figure 5.2.4: Adding statistics of local regional dynamics enhances case–control classification perfor-
mance for pairwise FC metrics. Here we evaluate the effect of including brain-wide maps of local regional
dynamics with pairwise coupling data for each SPI on case–control classification performance. By concatenating
the full univariate region × feature matrix from Auni_combo with the full set of brain region pairs per SPI from AFC,
this yielded a set of 14 linear SVM classifiers termed AFC_combo. A. The balanced accuracy is shown in raincloud
plots for all 100 test folds per SPI (such that each point indicates one test fold). The Pearson correlation coeffi-
cient is annotated in boldface for easier reference. B. The mean balanced accuracy is shown for each SPI on
its own (left, AFC) and with the inclusion of univariate region × feature data (right, AFC_combo). Points are shaded
in with color to indicate whether the corresponding balanced accuracy was significant (Pcorr < 0.05, corrected
across 14 SPIs) or not significant (gray) relative to the corresponding null distribution (cf. Sec. 5.4.3). Each line
corresponds to one SPI to visually guide comparison across representation types. Lines are shaded darker to
indicate a significant difference in SPI performance with the inclusion of localized dynamics (corrected two-sided
t-test Pcorr < 0.05, corrected across 14 SPIs; cf. Methods, Sec. 5.4.3). Stars indicate the balanced accuracy for
the Pearson correlation coefficient for easier reference.
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AFC_combo models yielded significant balanced accuracies for ADHD after correcting for multiple SPIs (with
Pcorr < 0.05). The Pearson correlation coefficient remained a top-performing SPI (as in AFC, cf. Fig. 5.2.3B),
yielding classification performance of 71.0 ± 12.4% in SCZ (Pcorr = 2 × 10−8) and 59.4 ± 4.5% in ASD
(Pcorr = 2×10−8), as shown in Fig. 5.2.4A. The AFC_combo classifier using the Pearson correlation coefficient
was also a top performer in BP (64.7±10.9%, Pcorr = 8×10−5), although DTW, Φ∗, and DI exhibited marginal
improvements over the Pearson correlation (cf. Fig. 5.2.4A). The relatively tight distributions over test folds
(shown as violin plots in Fig. 5.2.4A) highlight the consistency of the relatively high performance of these
top SPIs across out-of-sample test cases in the three disorders, particularly in SCZ and BP.

Despite involving a considerable increase in feature-space dimensionality, adding intra-regional univariate
dynamics from Auni_combo substantially increased the number of SPI-based models (from AFC) that could
distinguish cases from controls in SCZ, BP, and ASD. This is particularly evident for BP, for which no SPIs
meaningfully distinguished cases from controls on their own (cf. Figs 5.2.3A, S9B)—and yet, when we also
included brain-wide maps of localized activity features in AFC_combo, all SPIs but PLI allowed us to classify
BP cases from controls with significant balanced accuracy. In order to summarize the extent to which com-
bining intra-regional dynamics with inter-regional coupling improved classification performance, we directly
compared the mean classification performance with each SPI in AFC versus AFC_combo in Fig. 5.2.4B. This
visualization revealed that all SPIs better distinguished cases from controls with the inclusion of localized
dynamics, including those that yielded statistically null performance on their own in AFC. We quantified
these improvements in case–control classification performance in AFC_combo using two-tailed T -tests, cor-
rected for resampled cross-validation (see Methods Sec. 5.4.3, [291]; all T -test results are presented in
Table S14). As shown by the colored lines in Fig. 5.2.4B, the improvement with AFC_combo was significant
(after correcting for 14 SPI comparisons per disorder) for 9 SPIs in SCZ, 6 SPIs in BP, and 5 SPIs in ASD.

The addition of intra-regional time-series features did not just improve the performance of significant AFC

models, but also elevated the performance of many non-significant SPIs to classify cases from controls
well across disorders. For example, additive noise modeling (‘anm’)—a measure of nonlinear dependence
that tests causality from one brain region to another with a Gaussian process [292]—did not distinguish
cases from controls well on its own (all balanced accuracies <52% averaged across test folds), but the
inclusion of local univariate dynamics boosted its performance to 64.0±8.6% in SCZ, 57.3±9.4% in BP, and
54.7± 4.3% in ASD (all balanced accuracy Pcorr < 3.0× 10−3 and Tcorr > 2.4). Similar improvements were
observed across disorders for the barycenter (‘barycenter’), a measurement of the center of mass of the
rs-fMRI BOLD time series between the pair of brain regions, with the barycenter magnitude reflecting the
extent of dynamic coupling [224, 225]. While most of these significantly improved SPIs yielded mid-ranking
balanced accuracies in AFC_combo, in BP, the two top-performing SPIs—DTW (67.7±12.0%, Pcorr = 2×10−6)
and Φ∗ (65.7 ± 11.0%, Pcorr = 2 × 10−8)—exhibited among the largest improvements with the inclusion of
intra-regional univariate dynamics (both Tcorr = 2.7, Pcorr = 0.03). However, SPIs that performed well for
SCZ and ASD on their own (AFC), such as the Pearson correlation coefficient, generally did not show large
margins of improvements with the inclusion of local univariate dynamics (all Tcorr < 1.7 and Pcorr > 0.09)—
suggesting that such high-performing SPIs capture relevant case–control information that overlaps more
with that of local univariate dynamics than low-performing SPIs.

In summary, we found that including intra-regional time-series features generally improved the case–control
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classification performance of SPIs, particularly for those which did not separate cases from controls well on
their own in AFC. This underscores the benefits of a unified representation that combines local intra-regional
dynamics and pairwise inter-regional coupling to simultaneously capture complementary aspects of brain
activity changes across clinical settings.

5.2.6 IDENTIFYING WHICH REPRESENTATION TYPE(S) ARE OPTIMALLY SUITED TO CAP-
TURE CASE–CONTROL DIFFERENCES IN EACH DISORDER

In previous sections, we evaluated a different number of models within each representation type—e.g., 25
intra-regional features in Afeature versus 1 model for Auni_combo versus 14 SPIs for AFC. These differences
in model numbers (and model complexity) from Aregion through to AFC_combo make it challenging to fairly
compare the relative strengths of each representation in summarizing case–control differences in rs-fMRI
dynamics. To address this, we implemented a strategy to build a single model incorporating the statis-
tical information of a given representation type, corresponding to the five ways of quantifying dynamical
properties from an rs-fMRI dataset evaluated above. For each cross-validation fold, we identified the top-
performing model based on in-sample training performance (Aregion or Afeature) or performance in a reduced
feature space of the first 10 PCs (see Methods, Sec 5.4.3). This strategy enabled us to directly compare
classification performance on unseen data from just one model per representation across test folds.

In Fig. 5.2.5, we show the distribution of classification balanced accuracy values across the 100 test folds
per disorder as raincloud plots. As shown in Fig. 5.2.5(iii), Auni_combo exhibited the best overall classification
performance for SCZ (Fig. 5.2.5A) and BP (Fig. 5.2.5B); all results for this analysis are in Table S15. This
is particularly evident for BP, in which selecting one brain region or one intra-regional time-series feature
yielded an average classification balanced accuracy of 54.4% or 52.2%, respectively—yet the combination
of local dynamics across brain regions in Auni_combo yielded an average 69.8% balanced accuracy. Selecting
one brain region per test fold yielded 65.8% balanced accuracy in SCZ, which is surprisingly high for a
disorder generally characterized by distributed dysfunction [35, 247, 248], and this was surpassed by the
Auni_combo average of 69.5% balanced accuracy. By contrast, in ASD, selecting one representative intra-
regional time-series feature per test fold outperformed all other representations, yielding 59.5% balanced
accuracy on average—an effect driven primarily by the BOLD SD, which was selected in 99 out of 100 cross-
validation folds, consistent with results shown for ASD in Aregion (Fig. 5.2.2C,D). Since Auni_combo included
all of the BOLD SD data from Afeature, the drop in classification performance is surprising, underscoring how
uniquely informative the SD was for ASD—with the caveat that this effect may be driven in part by head
motion (cf. Fig. S5).

Comparing these univariate models with AFC (Fig. 5.2.5iv) and AFC_combo (Fig. 5.2.5v), we found that picking
the best representative SPI in AFC_combo (69.4% average balanced accuracy) yielded comparable balanced
accuracy to that of Auni_combo (69.5%) in SCZ. This suggests that for any given SPI in AFC_combo, the local
univariate dynamics are a key driver in the improved classification performance for SCZ. A similar rela-
tionship was observed in BP (Fig. 5.2.5B), in which Auni_combo (69.8% average balanced accuracy) actually
surpassed the classification performance of the representative subset of SPIs in AFC_combo (65.4% aver-
age). Moreover, for ASD (Fig. 5.2.5D), the representative intra-regional feature subset—predominantly
comprised of the BOLD SD—performed similarly to that of AFC (59.4% average balanced accuracy) and
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Figure 5.2.5: Direct comparison of model performance across representations and neuropsychiatric dis-
orders. For SCZ (A), BP (B), ADHD (C), and ASD (D), we show the distribution of the best-performing model
for each of 100 test folds across the five representations. In Aregion (i) and Afeature (ii), we identified the model
that yielded the top in-sample training balanced accuracy per fold and retained its out-of-sample test balanced
accuracy. In Auni_combo (iii), as there was only one model for comparison, the distribution shows the 100 test folds
for this model. For AFC (iv) and AFC_combo (v), we first performed a PCA and retained the first 10 PCs per SPI, then
identified which PC-space SPI yielded the top in-sample training balanced accuracy per fold. Upon identifying
that SPI, the full feature-space SPI was evaluated with the linear SVM classifier to measure the out-of-sample
balanced accuracy for the corresponding test fold. For each half-violin plot, the horizontal line indicates the mean
balanced accuracy across all 100 test folds for the given representation type (row) and disorder (column).
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AFC_combo (58.2%). This comparison highlights the utility of localized, intra-regional dynamics in distinguish-
ing cases from controls across disorders, with room for future work optimizing feature selection and classifier
parameters in the case of models with larger feature spaces (e.g., AFC and AFC_combo).

5.3 DISCUSSION

There are myriad ways in which a data analyst can extract interpretable feature-based representations of
dynamical structures contained in a multivariate time series, like those measured with rs-fMRI. From this
statistical smorgasbord, a given researcher typically chooses a set of dynamical properties to study for a
given problem subjectively, such as a set of pairwise Pearson correlation coupling strengths or fALFF in a
given set of brain regions. The lack of systematic methodological comparison thus leaves it unclear from any
given study whether these chosen dynamical properties are optimal, or whether alternative—and potentially
simpler and more interpretable—statistics may outperform those reported. To address these concerns, here
we introduced a systematic comparison of feature-based representations of rs-fMRI time series, based on
localized intra-regional dynamics, pairwise inter-regional coupling, and their combination, allowing us to
systematically capture and compare different facets of rs-fMRI dynamics. Our results demonstrate the
benefits of such comparison by identifying the most parsimonious and informative types of structures that
are relevant for a given application, revealing disorder-specific signatures across neuropsychiatric groups.
Our work provides a methodological foundation for systematically invoking representative features from a
rich interdisciplinary literature on time-series analysis [89, 92] to determine the most appropriate way(s) of
summarizing interpretable dynamical structures in MTS datasets. This approach is generalizable to a wide
range of problems across neuroimaging modalities and applications, as well as to a vast array of science
and industry problems in which complex time-varying systems are measured and analyzed.

The five statistical representations of MTS evaluated here can be investigated individually to gain insights
into the types of local dynamics and pairwise dependencies that are optimally suited for a given application.
For example, by comparing model performance within Aregion (Results Sec. 5.2.1), we found that the dynam-
ics of many individual brain regions could distinguish cases from controls in SCZ, and to a lesser extent in
BP. This is a striking finding, given that such complex neuropsychiatric disorders are believed to arise from
distributed dysfunction across brain networks rather than localized changes to individual regions [247, 249,
275, 293]—which suggests that our expanded breadth of rs-fMRI time-series features combined into a uni-
fied statistical representation for each brain region is informative of disorder-specific alterations. Examining
dynamics within individual brain regions enables spatial interpretability through visualizing brain-wide maps
of classification performance, providing a clear region-by-region picture of activity disruptions. The ability
to characterize changes in BOLD dynamics at the level of individual regions has been key to addressing
questions about regional differences in the response to spatially targeted brain stimulation [42, 43]. It also
provides a clearer way to test molecular hypotheses about regional disruption in disorders, which can be
compared with rich multimodal region-level atlases spanning morphometry, cortical hierarchy, and multi-
omics [44, 45, 83, 294] to more deeply characterize the physiological underpinnings of disease-relevant
changes in future work. This systematic approach recapitulated prior results of individually informative
brain regions—like medial occipital regions in SCZ [295–297] and subcortical regions in BP [298, 299]—
while also identifying novel region-specific changes in local dynamics that generate new hypotheses for
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future work. While we did not find significant region-specific patterns of BOLD alterations in ADHD or
ASD, this does not preclude the possibility that different parcellation schemes and/or different intra-regional
features (beyond the 25 examined here) could better elucidate disorder-specific alterations [300].

Looking across the features we compared in this study, our findings generally support the use of linear time-
series analysis techniques that are commonly used for rs-fMRI data analysis, both at the level of individual
brain regions and at the level of pairwise coupling—while simultaneously identifying novel high-performing
metrics that warrant future investigation, including directed information to capture asymmetric information
flows. In Afeature (Sec. 5.2.2), we found that whole-brain maps of individual intra-regional dynamical prop-
erties related to linear autocorrelation (including Fourier power spectrum structure, like the centroid of the
power spectrum) were top performers in distinguishing SCZ and ASD cases from controls (see Fig. 5.2.2C).
For example, the ‘ACF_timescale’ statistic distinguished ASD cases from controls while the fALFF did not
(despite their high empirical correlation, as has been noted in previous work [255]), demonstrating that
algorithms derived from theoretically similar foundations can perform differently in a given application. In-
terestingly, the strong performance of this timescale feature might be related to previous work showing
changes to intrinsic neural timescales in SCZ [301, 302] and ASD [302, 303]. The nonlinear intra-regional
features we examined (such as the time reversibility statistic ‘trev’) did not enable us to distinguish cases
from controls in any disorder, consistent with the view that rs-fMRI BOLD dynamics (which are noisy and
sparsely sampled in time) are well approximated by a linear stochastic process such that methods aiming
to capture more complex (e.g., nonlinear) dynamical structures may not be beneficial at this timescale, as
has recently been proposed [74, 304].

The BOLD SD stood out relative to the other top-performing intra-regional features, as it is sensitive to the
raw time-series values—while all other features (besides the mean) were computed after z-score normal-
ization, in order to focus on underlying dynamics of the time series in a way that does not depend on the
measurement scale. We found that whole-brain maps of the BOLD SD were informative of SCZ and ASD
diagnosis relative to controls (see Fig. 5.2.2C), expanding upon our previous work showing that the BOLD
SD outperformed other univariate time-series features for SCZ [271]. Changes to BOLD signal variability
have previously been described in both SCZ [279, 280] and ASD [281], with prior work underscoring its
utility and reliability as an rs-fMRI statistic [305]. More broadly, regional BOLD SD alterations have been
reported in settings ranging from healthy aging [306, 307] to Alzheimer’s disease [308], and it is hypothe-
sized that BOLD signal variance is linked to functional integration [309] as well as numerous molecular and
cytoarchitectural properties [278]. While we demonstrated that BOLD SD was generally unrelated to head
movement in SCZ in Results Sec 5.2.2, we are cautious with our interpretations for ASD given the strong
positive associations between SD and head movement (a non-neural confound) in the ABIDE cohort; this
warrants further investigation and clarification in a future study.

When we combined multiple properties of intra-regional dynamics across the whole brain in Auni_combo, we
found improved case–control classification performance relative to either representation on its own (Aregion

or Afeature) in SCZ and BP—consistent with disruptions to brain dynamics that are both spatially distributed
and multifaceted [250, 268, 310]. By contrast to the improved performance with the expanded Auni_combo

representation for SCZ and BP, reduced representations (i.e., individual brain regions or individual time-
series features) better distinguished ASD cases from controls (see Figs 5.2.2E, 5.2.5D). In ASD, the BOLD
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SD was the dominant high-performing feature among the 25 we compared, emerging as the top-performing
metric in 99 out of 100 training validations (see Fig. 5.2.5D). Although the BOLD SD was contained within the
combined region × feature matrix evaluated in the combination classifier Auni_combo, increasing the number
of input attributes to a classifier does not necessarily improve its performance due to overfitting beyond the
‘latent dimensionality’ of the dataset, defined as the number of meaningful variables inferred from the data
that capture underlying essential patterns [311, 312]. This suggests that aside from the BOLD SD, the other
local univariate time-series features contributed less disease-relevant information to the linear classifier,
thereby demonstrating that systematic comparison can uncover potential model simplifications to select a
more parsimonious feature-based representation.

Through our comparison of SPIs in AFC (see Results Sec. 5.2.4), we found that pairwise coupling strengths
also served as an informative way to represent dynamical structures related to case–control differences.
Out of the 14 evaluated SPIs, we found that the Pearson correlation coefficient was a top-performing statis-
tic in both SCZ and ASD, suggesting that linear time-series analysis methods are overall well-suited for
capturing the salient dynamical properties of rs-fMRI MTS [83, 255, 313]. Our comparisons also highlighted
interesting alternative statistics with different behavior but similarly high performance to the Pearson cor-
relation coefficient, such as DI [290, 314] and Φ∗ [203, 315]. These SPIs involve more conceptually and
computationally complex formulations of pairwise interactions that are seldom applied to fMRI datasets,
although we have previously found that alternative metrics like DI out-performed the Pearson correlation
coefficient in an fMRI-based problem [92]. While there was little evidence that increasing the complexity in
an FC measurement beyond the Pearson correlation coefficient substantially improved SCZ or ASD clas-
sification here, we did observe modest improvements in BP classification using each of DTW, Φ∗, and DI
(with the inclusion of local univariate dynamics) instead. The alternative FC metrics examined here could
be explored in future work using data with higher temporal resolution and signal-to-noise ratios (e.g., from
MEG [239, 316])—a setting in which more complex types of interactions may be measurable (e.g., that are
nonlinear and/or time-lagged).

Consistent with complex and spatially distributed disruptions to rs-fMRI activity, we found that all 14 SPIs
better distinguished cases from controls for SCZ, BP, and ASD when we also included brain-wide maps of all
25 intra-regional time-series features in AFC_combo (see Sec. 5.2.5). This finding is in line with previous work
demonstrating that combining local and pairwise properties of rs-fMRI data can synergistically improve clas-
sification performance [35–38], supporting the notion that intra-regional activity and inter-regional coupling
provide complementary information about disorder-relevant brain dynamics. While we cover an extensive
space of dynamical statistics here, future applications might combine local dynamics with inter-regional
coupling using network properties, local–global coupling, geometric embedding techniques like regional
homogeneity (ReHo), or higher-order interactions. For example, Ponce-Alvarez et al. [39] and Tanabe et
al. [317] demonstrated the benefits of quantifying ‘glocal’ measures [318] of synchrony between individual
regions and whole-brain networks for distinguishing wakefulness from anesthetic states.

Future applications of this systematic framework might also consider more nuanced data fusion techniques
beyond simple matrix concatenation to properly combine heterogeneous input data types (e.g., multiple
brain regions; local dynamics versus pairwise coupling) into one classifier [40, 41]. Our modular approach
incorporates incremental complexity from individual brain regions up to integrated whole-brain maps of local
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dynamics and pairwise coupling, such that results are interpreted based on the overall performance of a
given model. While we did not explore feature importance scores due to intrinsic issues with multicollinearity
among input features, future work could incorporate dimensionality reduction techniques to mitigate this
collinearity and specifically interpret individual feature weights (e.g., linear SVM coefficients) to compare
relative contributions of different brain regions and/or temporal signatures to a given decision boundary.
More broadly, techniques to distill down the feature space will be of great utility to analyzing complex system
MTS in general, both in terms of computational demand and mitigating noise accumulation.

While it is not straightforward to compare classification performance across disorders given differences in
sample size and acquisition sites [284], we observed that SCZ cases were distinguished from controls with
higher balanced accuracy across representations than the other three disorders. By contrast, for ADHD,
none of the five representations we evaluated yielded significant case–control balanced accuracies. Inverse
probability weighting boosted classifier performance beyond predicting the majority class in many models
in ADHD (cf. Fig. S14A), although our robustness analysis across classifier types and hyperparameter
tuning suggests that poor classification performance is attributable to high heterogeneity in a small sample
size. Indeed, the ADHD sample (N=39) was smaller than that of SCZ (N=48), BP (N=49), or ASD (N=513),
though previous studies have reported conflicting findings about the effect of sample size on classification
performance [252, 319, 320]. It is possible that the ADHD group is comprised of individuals with less
severe symptoms than that of SCZ or BP—which could decrease classification performance with rs-fMRI
features [321]—although we did not explicitly incorporate ADHD assessment or medication data in the
scope of this analysis. In support of this possibility, there was no difference in head motion between the
ADHD cases and controls, which is surprising for a disorder generally characterized by hyperkinesis [322]
and reports of greater head motion in the scanner [323, 324]. Multiple publications have reported that head
motion in the scanner is linked to symptom severity in ADHD [324–326], and Aoki et al. [327] found in a
meta-analysis that few neuroimaging studies detected significant ADHD–control alterations in the absence
of group head motion differences.

We found several intra- and inter-regional properties of rs-fMRI dynamics that significantly distinguished
ASD cases from controls, although the corresponding balanced accuracy values were generally lower than
that of SCZ and BP. There are a few potential explanations for why ASD cases were less distinguishable
from healthy controls than SCZ or BP in general. The ABIDE dataset is approximately ten times larger than
any of the disorder–control combined groups in the UCLA CNP cohort [262, 263], and prior studies have
demonstrated an inverse relationship between sample size and classification performance using ABIDE
data [328–332]. Notably, we included ASD and control participants from all ABIDE sites and did not explicitly
account for imaging site in our classification analyses. While site-specific effects appear to be minimal in this
dataset [333] and non-disorder factors like imaging protocol or scanner seem to contribute less to variance
in resting-state activity than key brain regions [334], we did compare classifiers restricted to participants
from each of the two largest ABIDE sites, finding minimal differences to those trained on the full ABIDE
dataset. However, future work could evaluate the effect of multi-site integration techniques such as ComBat
harmonization [335, 336] on intra- and inter-regional feature performance. Another difference with the ASD
group relative to the other disorders (from the UCLA CNP cohort) is that homotopic region pairs were
consolidated into one bilateral region as part of the competition data provided by Traut et al. [270], which
could obscure relevant hemisphere-specific changes to localized dynamics in ASD [337, 338]. It is possible
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that these populations exhibited changes to neural functional architecture that were more heterogeneous
and individual-specific [319, 339, 340], making it difficult to identify an effective SVM decision boundary
across representations—underscoring the value of ongoing work with normative modeling [341].

The goal of this study was to compare within and across interpretable representations of rs-fMRI dynamics,
with a focus on results obtained with the linear SVM classifier for simplicity. We explored alternative clas-
sifiers that implement SVM with an RBF kernel or L1 (‘LASSO’) regularization, random forest, or gradient
boosting (cf. Fig. S7) and did not observe general performance improvements, although it is possible that
combining other nonlinear classifiers with hyperparameter optimization could more sensitively discriminate
among features in a given disorder if nonlinear boundaries are present. Maximizing case–control classifi-
cation performance was not an explicit aim of this study, although we note that our findings sit within the
range of recent rigorous large-scale classification studies [132, 133, 342]. Future work could expand upon
this generalizable framework to optimize performance in a given application setting.

In the ‘p ≫ n’ [343] large feature space setting with Auni_combo, AFC, and AFC_combo, alternative regularization
may be beneficial—which could be accomplished through more exhaustive hyperparameter tuning and/or
different regularization approaches, such as graphical lasso [344]. Future work could also systematically
evaluate ways to reduce (spatial) dimensionality in a biologically informative manner (e.g., condensing re-
gion pairs into canonical functional networks [185] or applying similarity network fusion [41, 345]). While this
work presents a systematic methodological framework that is flexible and generalizable across domains, fu-
ture studies aiming to identify disorder-specific biomarkers will need to evaluate their findings in external
validation datasets to thoroughly assess the validity of a given brain region or time-series feature. Moreover,
future work could extend beyond the binary case–control classification paradigm to examine transdiagnostic
versus disorder-specific properties of resting-state dynamical structure [346, 347].

Here we focused on five key ways of systematically comparing intra-regional and inter-regional features
from an fMRI dataset, but many other representations of spatiotemporal data could also be investigated
in future work. This includes quantifying properties of the networks defined by pairwise FC matrices (cf.
highly comparative graph analysis [174]), statistics of spatiotemporal patterns (like spirals and traveling
waves [348, 349]), and higher-order (beyond pairwise) dependence structures [25]. For example, statistics
such as metastability (based on the standard deviation of the Kuramoto order parameter) could quantify
properties of integration and segregation across brain states [350]. More broadly, future work could relax the
picture of interacting spatially localized and contiguous brain regions, towards spatially distributed modes,
extracted as components through dimensionality reduction [30, 31] or geometrically [27, 28]. We also
focused here on representative subsets of the univariate time-series analysis literature (the catch22 subset
of over 7000 features in the hctsa feature library [90]) and pairwise dependence literature (14 representative
SPIs from the full pyspi library of over 200 SPIs [92]). Note that neither the univariate features nor the SPIs
measured here were specifically tailored to neuroimaging applications; for example, the catch22 set was
derived based on classification performance across 128 diverse univariate time series datasets (including
beef spectrograms and yoga poses) [351]. Indeed, given the demonstrated biological heterogeneity in
neuropsychiatric disorders [352], effective exploration of larger time-series feature spaces could identify
subtypes within a given disorder with distinctive dynamical profiles [353]—establishing the foundation for
data-driven nosology [354]. Subsequent work could consider ways to incorporate the full sets of local
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and pairwise time-series properties or to derive reduced subsets with algorithmic approaches tailored to
a particular dataset. Broadening the scope of comparison in these ways—of both types of dynamical
structures and algorithms for quantifying them—comes with associated issues of statistical power required
to reliably pin down specific effects that future work will need to carefully consider.

5.4 METHODS

An overview of our methodology is illustrated in Fig. 5.2.1. We extracted the BOLD time series from each
rs-fMRI volume, which were analyzed at the level of individual brain regions and pairs of brain regions
(Fig. 5.2.1A). We included participants from four neuropsychiatric disorder groups derived from two main
cohort studies, as depicted in Fig. 5.2.1B and summarized in Table 5.4.1. For each participant, we com-
puted a set of time-series features reflecting the local dynamics of a single region’s BOLD time series and
coupling between a pair of brain regions (Fig. 5.2.1C). We compared the performance of these univariate
and pairwise features separately, and in combination, using linear classifiers for each disorder—specifically
testing five different ways of capturing dynamical structure, as shown in Fig. 5.2.1D and outlined in the
following.

5.4.1 NEUROIMAGING DATASETS AND QUALITY CONTROL

UCLA CNP

Raw BOLD rs-fMRI volumes consisting of 152 frames acquired over 304 seconds were obtained from the
University of California at Los Angeles (UCLA) Consortium for Neuropsychiatric Phenomics (CNP) LA5c
Study [261]. This included cognitively healthy control participants as well as participants diagnosed with
schizophrenia (SCZ), attention-deficit hyperactivity disorder (ADHD), and bipolar I disorder (BP). Details of
diagnostic criteria and behavioral symptoms have been described previously, along with imaging acquisition
details [261]. Imaging data were preprocessed using the fmriprep v1.1.1 software [355] and the independent
component analysis-based automatic removal of motion artifacts (ICA–AROMA pipeline [356], as described
previously [357]). Additional noise correction was performed to regress out the white matter, cerebrospinal
fluid, and global gray-matter signals using the ICA–AROMA + 2P + GMR method [357–359]. Time series
of 152 samples in length were extracted from the noise-corrected BOLD rs-fMRI volumes for 68 cortical
regions [169] and 14 subcortical regions [360] spanning the left and right hemispheres.

ABIDE

Preprocessed BOLD rs-fMRI time-series data consisting of between 49 and 433 time points (mean: 184 ±
63 time points) were obtained from the Autism Brain Imaging Data Exchange (ABIDE) I & II consortium [262,
263], working with a dataset specifically aggregated for an international classification challenge by [270]
that included healthy controls and participants with autism spectrum disorder (ASD). Imaging data were
preprocessed by the classification challenge authors [270, 333] using the standard pipeline from the ‘1000
Functional Connectomes Project’, which includes motion correction, skull stripping, spatial smoothing, seg-
mentation, and noise signal regression [333]. We opted to use the preprocessed time series corresponding
to the Harvard–Oxford cortical atlas, which is published with the FSL software library [361] and includes 48
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regions, noting that homotopic region pairs were pre-consolidated into singular bilateral regions.

Quality control

After preprocessing, we identified six participants from the UCLA CNP dataset (IDs: sub-10227, sub-10235,
sub-10460, sub-50004, sub-50077, and sub-70020) for whom the ICA–AROMA + 2P + GMR pipeline
yielded constant zero values across all timepoints and brain regions. These six participants (N=3 Con-
trol, N=2 SCZ, N=1 ADHD) were excluded from all further analyses. Head movement in the scanner was
evaluated using framewise displacement (FD) calculated from the six framewise head-motion parameters
(corresponding to rotation and translation in the x, y, and z planes) using the method of Power et al.
[362]. The mean FD was compared between each disorder and the corresponding control group using a
Wilcoxon rank-sum test, implemented in R with the wilcox_test function from rstatix (version 0.7.2) We
found that SCZ, BP, and ASD—but not ADHD—cases exhibited significantly higher mean FD relative to
control participants (all P < 0.05), consistent with prior studies [363–365]. In order to mitigate the potential
confounding effect of head motion on the dynamical BOLD properties with putative neural causes, we ap-
plied the movement-based exclusion criteria described in [358] (labeled as ‘lenient’ criterion in that study),
such that any participant with mean FD > 0.55mm was excluded from further analysis. This step excluded
two participants from the UCLA CNP study (N=1 SCZ, N=1 Control) and 59 participants from the ABIDE
study (N=36 ASD, N=23 Control).

Participant summary statistics

After performing quality control, we retained between N = 39 and N = 578 participants per clinical group
across the two studies, with summary statistics provided in Table 5.4.1 and demographic distributions vi-
sualized in Fig. S3. Participants in the UCLA CNP dataset were scanned at two different sites [261] and
participants in the ABIDE dataset were scanned across seventeen sites [333]. We did not include site infor-
mation as a covariate in our classifiers, nor did we perform cross-site alignment, to simply focus on how our
method performs in a larger heterogeneous clinical sample. As a robustness analysis, we did examine the
performance of Aregion, Afeaure, and Auni_combo within the two largest ABIDE sites individually (Sites #5 and
#20) to compare classification performance within versus across sites.

5.4.2 TIME-SERIES FEATURE EXTRACTION

Univariate features

For a given brain region, the BOLD time series can be summarized using a set of univariate time-series
features. We opted to use the catch22 library of univariate properties [91], which are listed in Table 5.4.2.
The catch22 features were drawn from the broader hctsa [89, 90] library, designed to be a highly explana-
tory subset of time-series features for generic time-series data mining problems [351] (though not defined
specifically for neuroimaging datasets). To compare the performance of these features with a standard
biomarker for quantifying localized resting-state BOLD activity, we also computed the fractional amplitude
of low-frequency fluctuations (fALFF), which measures the ratio of spectral power in the 0.01–0.08 Hz range
to that of the full frequency range [4]. fALFF is considered to be an index of spontaneous activity in indi-
vidual brain regions and is fairly robust to the noise, scanner differences, and low sampling rates typical of
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rs-fMRI data [5, 366, 367]. The catch22 features were computed in R using the ‘theft‘ package (version
0.4.2; [368]) using the calculate_features function with the arguments feature_set = "catch22", which
z-scores each time series prior to feature calculation. We also calculated the mean and standard deviation
(SD) from the raw BOLD time series by including the catch24 = TRUE argument, which yielded a total of
24 univariate time-series features. We computed fALFF in Matlab as per the code implementation included
in [255]. Collectively—the catch22 features, mean, SD, and fALFF—comprise 25 univariate features that
encapsulate a diverse set of statistical time-series properties with which to compare across different clinical
exemplars. These 25 time-series features were computed across all brain regions and participants, yielding
a three-dimensional array in the form of N × R × F—comprised of N participants, R brain regions, and F

time-series features.

Pairwise features

To summarize different types of pairwise coupling, or functional connectivity (FC), across pairs of brain
regions, we used a subset of 14 SPIs from the pyspi library of pairwise interaction statistics [92]. Each
of these SPIs is listed along with its code name in ‘pyspi’ in Table 5.4.3, along with information about the
literature category and directionality per SPI. These 14 SPIs contain a single representative from each of
the 14 data-driven modules of similarly performing SPIs described in [92]. It includes the most commonly
used FC metric for fMRI time series, Pearson correlation coefficient (denoted as ‘cov_EmpiricalCovariance’
in pyspi), enabling direct comparison of its performance to the other thirteen evaluated SPIs, which span
nonlinear coupling (e.g., additive noise modeling), frequency-based coupling (e.g., power envelope cor-
relation), asynchronous coupling (e.g., coherence magnitude), time-lagged coupling (e.g., dynamic time
warping), and directed coupling (e.g., directed information). The 14 SPIs were computed from the BOLD
time series for each pair of brain regions using the pyspi package (version 0.4.0) in Python [160]. Given the
large number of MTS matrices to process (across all participants), we distributed pyspi computations on a
high-performance computing cluster. Each SPI yielded a matrix of pairwise interactions between all brain
regions, with a total of 6642 possible pairs for UCLA CNP (from R=82 brain regions) and 2256 pairs for
ABIDE (from R=48 brain regions), after omitting self-connections. As some SPIs (like the Pearson correla-
tion) are undirected, the resulting FC matrix is symmetric, and only the set of coupling values for all unique
brain-region pairs (corresponding to the upper half of the FC matrix) is retained for these SPIs. Across
all SPIs, pyspi computations yielded a three-dimensional array in the form of N × P × S, comprised of N
participants, P region pairs (noting that this value will differ for directed versus undirected SPIs), and S

SPIs.

5.4.3 CASE–CONTROL CLASSIFICATION

We sought to comprehensively compare the ability of diverse intra-regional time-series features and inter-
regional coupling strengths to separate healthy controls from individuals with a given clinical diagnosis.
Univariate, intra-regional time-series features are sensitive to local, region-specific disruptions in neural
activity, whereas inter-regional SPIs are sensitive to disrupted coupling between pairs of brain regions. We
first asked whether case versus control separation would be better with: (i) multiple dynamical properties
measured from a single brain region; (ii) a single time-series property measured across brain regions;
or (iii) the combination (the full set of time-series properties across all brain regions). We then asked
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how pairwise FC measurements could capture case–control differences, and whether including our set of
diverse univariate features would enhance SPI-wise classification performance. To compare the ability of
univariate and/or pairwise features to separate case versus control individuals, we evaluated five different
classification pipelines as enumerated in the following subsections, labeling each analysis as ‘AX’ where X
captures a short description of the analysis. These are listed as follows:

1. Aregion: The performance of individual brain regions given all F univariate time-series features, as-
sessed via classifiers fit to N ×F (participant × feature) matrices as depicted in Fig. 5.2.1D(i). R = 82

models are fit with this representation for SCZ, BP, and ADHD, and 48 models for ASD.

2. Afeature: The performance of individual univariate time-series features measured from all brain regions,
assessed via classifiers fit to N × R (participant × region) matrices as depicted in Fig. 5.2.1D(ii).
F = 25 such models are fit for all four disorders.

3. Auni_combo: The performance of all F univariate time-series features computed across all R brain re-
gions, assessed via classifiers fit to N×RF (participant × brain-region—feature) matrices as depicted
in Fig. 5.2.1D(iii). Only one such model is fit per disorder.

4. AFC: The performance of the set of coupling strengths measured from all brain region pairs using an
individual SPI, assessed via classifiers fit to N × P (participant × region–pair) matrices, as depicted
in Fig. 5.2.1D(iv). S = 14 such models are fit for each disorder.

5. AFC_combo: The performance of an individual SPI measured from all brain region pairs with the addition
of all F univariate time-series features, assessed via classifiers fit to N × PRF (participant × region-
pair–region–univariate-feature) matrices as depicted in Fig. 5.2.1D(v). S = 14 such models are fit for
each disorder.

Classifier fitting and evaluation

Each of the analyses enumerated in the previous sections (e.g., Aregion) refers to a way in which we extracted
a set of interpretable time-series features from an fMRI dataset to capture different types of dynamical statis-
tics. We sought to compare how these feature-based representations could distinguish cases from controls
in each neuropsychiatric disorder using a simple measure of classification performance. Classification was
evaluated using linear SVMs [369], which comprise a simple classical machine learning model that can
handle large input feature spaces using regularization [370].

The UCLA CNP cohort is characterized by class imbalances (such that there are more control partici-
pants than those with a given neuropsychiatric disorder), so we applied inverse probability weighting, which
weights each sample according to the inverse frequency of its corresponding class to increase the impact
of the minority class on the decision boundary [371, 372]. Additionally, we evaluated classifier performance
using balanced accuracy [273], which measures the average between classifier sensitivity and specificity
to reflect accuracy in both the majority and minority classes, as recommended for neuroimaging data with
class imbalances [372].

Classifiers were evaluated using stratified 10-fold cross-validation (CV) such that the hyperplane was de-
fined based on the training data and used to predict the diagnostic labels of the unseen test data for each
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fold. In order to reduce outlier-driven skews in time-series feature distributions, each training fold was
normalized using the scaled outlier-robust sigmoidal transformation described in [90] and the same normal-
ization was applied to each test fold to prevent data leakage [373]. We confirmed that this reduced more
distributional skew of many univariate and pairwise time-series features compared to z-score normalization,
as shown in Fig. S15. To ensure that results were not driven by any one specific CV split, each 10-fold CV
procedure was repeated 10 times [374–376], yielding 100 out-of-sample balanced accuracy metrics per
model. We report the mean ± SD tabulated across the 100 out-of-sample balanced accuracy metrics per
model. As a robustness analysis, we subsequently compared the performance of each model (e.g., the
left pericalcarine cortex in Aregion) with the same 10-repeat 10-fold cross-validation as in the main analysis
using each of: a linear SVM with L1 (‘LASSO’) coefficient regularization [377] and squared-hinge loss, an
SVM with a radial basis kernel, a random forest ensemble, or a gradient boosted decision tree ensemble.
The standard linear SVM with hinge loss and without L1 coefficient regularization yielded the highest clas-
sification performance overall (cf. Fig. S7A), and as this linear SVM represented the most parsimonious
and interpretable of the evaluated models, we focus on classification metrics from this model throughout
the paper. We also evaluated the effect of nested cross-validation to tune the regularization parameter, C,
across values ranging between [0.0001, 100]—as well as the inclusion (or exclusion) of inverse probabil-
ity weighting—finding that this also did not generally improve performance beyond our a priori parameter
settings of C = 1 and applying inverse probability weighting (cf. Fig. S7B and Table S16).

The main linear SVM classifiers were implemented in Python with the SVC function from scikit-learn [378])
with a default value of 1 for the regularization parameter, C, and with the class_weight = `balanced' ar-
gument for inverse probability weighting. The scaled outlier-robust sigmoidal transformation was applied
using a custom Python script adapted from the Matlab-based mixedSigmoid normalization function from
hctsa [89, 90]. We implemented 10 repeats of 10-fold CV using the RepeatedStratifiedKFold function
from scikit-learn as part of a ‘pipeline’, which also automatically applied normalization based on training
fold parameters and evaluated balanced accuracy for each test fold. We set the random number gen-
erator state for the RepeatedStratifiedKFold function such that all compared models were evaluated
on the same resampled sets of test folds (for a total of 100 test folds). While the balanced accuracy is
only computed for the default decision threshold for each classifier, we also computed the area under
the receiving operator characteristic curve (AUC) for each test fold to evaluate model performance across
thresholds. Models achieving greater than 50% balanced accuracy (i.e., better than chance) showed sim-
ilar performance between balanced accuracy and AUC (Pearson’s R between 0.77–0.97), so we focus on
balanced accuracy in this work to align with the binary predictions of diagnostic group [372]. The other
classifiers in our robustness comparison were also implemented with scikit-learn, using the RandomForest,
SVC, RandomForest, or GradientBoostingClassifier functions, and nested cross-validation was performed
with the RandomizedSearchCV function.

Dimensionality reduction and feature selection

While Aregion and Afeature both entail models with more samples than features, the other three representations—
Auni_combo, AFC, and AFC_combo—involve models with more features than samples, which risks overfitting to
accumulated noise [125]. To test for such overfitting, we evaluated the change in performance after reduc-
ing the SVM feature space with principal components analysis (PCA), focusing on analysis Auni_combo as a
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starting point. PCA was implemented using the PCA function from the FactoMineR package in R (version
2.9) [379]. Since classification models based on individual brain regions yielded the lowest-dimensional
classifiers (Aregion: 25 time-series features per model), we selected the first 25 principal components (PCs)
from the region × feature PCA for each case–control comparison group for consistency. Scores for these
25 PCs are provided in TableS17, and the first two PCs are plotted for each disorder in Fig. S6A. Each
case–control comparison was evaluated using these 25 PCs with the same repeated 10-fold classification
procedure as described above.

To fairly compare model performance across representations, we also performed data-driven feature se-
lection for all representations except for Auni_combo. For Aregion and Afeature—the two representations where
p < n—we implemented a strategy in which for each of the 100 folds (10 folds resampled 10 times), we
identified the brain region (for Aregion) or time-series feature (for Afeature) that yielded the best in-sample
training fold balanced accuracy, and retained its corresponding out-of-sample test balanced accuracy. For
example, for Aregion in SCZ, in fold #1 out of 100, the left pericalcarine might yield the highest in-sample
balanced accuracy, so we would retain the out-of-sample balanced accuracy for the left pericalcarine for this
fold. For fold #2, the right cuneus might yield the highest in-sample balanced accuracy, so we would retain
the right cuneus out-of-sample balanced accuracy, and so on for the rest of the folds. In the event of a tie
for a given fold, we computed the mean out-of-sample balanced accuracy between the tied brain regions.
As only one model was evaluated for Auni_combo, we simply examined the distribution of 100 out-of-sample
balanced accuracy values.

By contrast, AFC and AFC_combo both involve p ≫ n feature matrices that increase the potential for overfitting,
so multiple SPIs yielded 100% in-sample balanced accuracy for each training fold— precluding the utility of
this method for selecting one representative property of inter-regional coupling per fold. As an alternative
selection criterion, we fit a PCA for each SPI (or SPI with local univariate properties for AFC_combo) and
retained the first 10 PCs. Within each training fold, we supplied these 10 PCs as input feature matrices to
the same linear SVM classifier as above, in order to identify the SPI which (in PC-space) yielded the highest
in-sample training balanced accuracy. Upon identifying that top-performing SPI, we used its full feature-
space matrix as the input to a linear SVM classifier to measure its out-of-sample balanced accuracy for the
corresponding fold. In the event of a tie for a given fold, we computed the mean out-of-sample balanced
accuracy between the tied SPIs (assessed in the full feature space). This selection method provided a
heuristic for selecting the top SPI in a lower-dimensional space while preserving input information for the
out-of-sample classification metrics we evaluated across representations.

Statistical significance

To make statistical inferences about how a given classifier performed relative to chance level, we calculated
the probability of observing a given mean balanced accuracy relative to a null distribution. For each model,
we fit 1000 SVM classifiers with randomly shuffled diagnostic class labels using the same 10-repeat 10-fold
CV as described above—yielding 1000 null balanced accuracy estimates per model. After confirming that all
evaluated models yielded approximately normal null distributions centered at 50% (i.e., chance or predicting
all the same class) balanced accuracy (Fig. S16), we derived the mean and standard deviation from each
null distribution. Instead of fitting a full non-parametric permutation test for each specific model (with e.g.
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10,000 or more permutations), we instead imposed a Gaussian distribution with two moments (i.e., mean
and SD) to approximate the cumulative distribution function per model. Each observed balanced accuracy
metric was compared with its corresponding cumulative distribution function using the pnorm function in R to
obtain a one-tailed P -value, capturing the probability of obtaining a null balanced accuracy greater than or
equal to the observed balanced accuracy. The cumulative distribution function step considerably reduced
computational expenses, enabling the measurement of very small P -values that would be computationally
prohibitive to detect in a full nonparametric treatment considering the number of models tested throughout
this study. In order to correct for multiple comparisons within each disorder, we applied Benjamini–Hochberg
correction [380] to control the false discovery rate at the α = 0.05 level. All Benjamini–Hochberg corrected
P -values are denoted as Pcorr (unless otherwise specified) and the number of comparisons are indicated
as appropriate.

Corrected T -statistics

To quantify the change in classifier performance for pairwise FC matrices with versus without the inclusion of
univariate region × feature data (from Auni_combo), we compared the balanced accuracy distributions across
all 100 test folds for the corresponding two classifier inputs per SPI. The standard T -test for group means
is suboptimal in this case, as the participant overlap across test folds in the two compared models violates
the assumption of independent samples [381]. We instead implemented a corrected two-tailed test statistic
Tcorr designed specifically for repeated k-fold cross-validation, as defined in [382] based on the original
corrected T-statistic described in [383]. This correction was applied using the repkfold_ttest function from
correctR package in R (version 0.2.1) [291].

Confound analysis based on age, sex, and head motion

The proportion of males versus females was compared between each disorder and the corresponding con-
trol group using a χ2 test, implemented in R with the chisq_test function from rstatix (version 0.7.2). We
compared age and mean framewise displacement (FD) distributions for each disorder and the correspond-
ing control groups using Wilcoxon rank-sum tests, implemented in R with the wilcox_test function from
rstatix (version 0.7.2). To evaluate how well these confound variables could predict clinical diagnosis on
their own, we fit the same 10-repeat 10-fold linear SVM classification pipeline to sex data (with male en-
coded as 0 and female encoded as 1), age data, and mean FD data. Results from this robustness analysis
are depicted in Fig. S3D. We used these classification metrics as a baseline from which we could assess
the improvement in case–control distinction using BOLD-derived time-series features. In addition to the
performance of these confound variables on their own and that of all the models we evaluated through our
main analysis, we additionally evaluated the classification performance of models trained on BOLD time-
series features plus confound variables as a robustness analysis. These classification metrics are shown
side-by-side in Fig. S3E.

Volumetric analysis of group differences

In order to test whether the balanced accuracy of a given brain region showed a linear relationship with
gray matter volume differences in case–control comparisons, we compared the number of voxels in each
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brain region per participant in the UCLA CNP cohort (as volumetric data from the Harvard–Oxford cortical
atlas is not available for the ABIDE ASD cohort). We used the fmriprep anatomical derivative ‘aparc+aseg’
parcellation and segmentation volumes that were mapped to MNI152 space using nonlinear alignment
and tabulated the number of voxels in each region. Of note, these segmentation volumes correspond to
the Desikan–Killiany–Tourville atlas [384] in which voxels for three brain regions (frontal pole, temporal
pole, and banks of the superior temporal sulcus) were redistributed into other regions—thus precluding
volumetric analyses for those three regions. For each brain region, we regressed mean volume (measured
in the number of voxels) on diagnosis for each case–control comparison using an ordinary least squares
model, with the resulting β coefficients listed in Supplementary Table S2. We examined the magnitude
of the β coefficient estimated for each brain region to evaluate whether volumetric differences relative to
controls were related to that region’s balanced accuracy. The Pearson correlation coefficient was computed
to measure the linear association between β coefficient magnitude and classification performance for all
79 brain regions per disorder. Additionally, to evaluate whether the overall volume of a region was related
to how well its resting-state activity distinguished cases from controls, we compared the mean number
of voxels per region across participants per disorder with the disorder-wise mean balanced accuracy per
region using the Pearson correlation coefficient.

5.4.4 DATA VISUALIZATION

All figures in this study were compiled using R (v. 4.3.2) using the ggplot2 package (v. 3.5.1; [385]) unless
otherwise specified. Brain maps were visualized using the ggseg package (v. 1.6.5; [386, 387]) along with
the ggsegHO package (v. 1.0.2.001) for the Harvard-Oxford cortical atlas. Raincloud plots were generated
with the geom_violinhalf function from the see package (v. 0.8.3; [388]). Heatmaps with dendrograms
were created using the ComplexHeatmap function from the ComplexHeatmap package (v. 3.18, [389, 390]).
Venn diagrams were created using the venn.diagram from the VennDiagram package (v. 1.7.3; [391]).

5.4.5 CODE AND DATA AVAILABILITY

All data used in this study is openly accessible, with preprocessed data provided in Zenodo [392]. UCLA
CNP rs-fMRI imaging data can be downloaded from OpenNeuro with accession number ds000030 (https:
//openfmri.org/dataset/ds000030/). ABIDE rs-fMRI regional time series can be downloaded from Zen-
odo [270]. All code used to compute univariate and pairwise time-series features, perform classification
tasks, and visualize results is provided on GitHub and Zenodo [269].
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TABLES

Table 5.4.1: Key demographics for participants included in this study after quality control exclusion processes.

Study Diagnosis N % Female (N) Age; Mean (SD)

ABIDE ASD 513 14.6 (75) 17.5 (10.5)
Control 578 26.0 (152) 17.1 (9.5)

UCLA CNP

ADHD 39 48.7 (19) 31.6 (10.1)
BP 49 42.9 (21) 35.3 (9.0)

SCZ 48 25.0 (12) 36.6 (9.0)
Control 116 46.6 (54) 31.2 (8.7)
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Table 5.4.2: The univariate time-series features computed for each brain region to capture intra-regional
dynamics. For each univariate time-series feature (shown in the ‘Feature name’ column), a brief description is given
for the property the corresponding feature captures.

Feature name Feature description
ACF_first_min First minimum of the autocorrelation function (ACF)
ACF_timescale First 1/e crossing of the ACF
AMI_timescale First minimum of the automutual information function (linear version)
AMI2 Histogram-based automutual information (lag 2; 5 bins)
centroid_freq Frequency corresponding to the centroid of the power spectral density
DFA Detrended fluctuation analysis (low-scale scaling)
embedding_dist Goodness of exponential fit to embedding distance distribution
entropy_pairs Entropy of successive pairs of values in symbol-discretized time series
fALFF Ratio of spectral power in the 0.01-0.08Hz range to the full frequency range
forecast_error Error of 3-point rolling mean forecast
high_fluctuation Proportion of high incremental changes in the series
low_freq_power Power in the lowest 20% of frequencies
mean Mean of the time series values
mode_10 Mode of a 10-bin histogram of time-series values
mode_5 Mode of a 5-bin histogram of time-series values
outlier_timing_neg Negative outlier timing (higher = later in time series)
outlier_timing_pos Positive outlier timing (higher = later in time series)
periodicity First local maximum of the ACF following Wang et al. [276] criteria
rs_range Rescaled range fluctuation analysis (low-scale scaling)
SD Standard deviation of time series
stretch_decreasing Longest stretch of decreasing values
stretch_high Longest stretch of above-mean values
transition_variance Transition matrix column variance
trev Time reversibility (nonlinear autocorrelation measure)
whiten_timescale Change in autocorrelation timescale after incremental differencing
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Table 5.4.3: The 14 statistics for pairwise interactions (SPIs) computed across brain region pairs. For each statistic of
pairwise interactions (SPI; shown in the ‘SPI’ column), a brief description is given for the type of interaction that the corresponding
SPI captures.

SPI Description
PSI_frequency Phase slope index (PSI) of the frequency domain, measures information flow

based on complex-valued coherency
ANM Additive noise model, tests for directed nonlinear dependence of x –>y
DI Directed information, measures information flow from one time series to another

without any time-lags
transfer_entropy Transfer entropy, measures information flow from one time series to another with

Takens time-delay embedding
phi_star Phi-star, integrated information proxy that measures information lost when two

time series are disconnected
spectral_GC Spectral Granger causality, frequency domain equivalent to Granger causality

(nonparametric)
PLI Phase lag index, measures phase synchronization across the full frequency range
PSI_time_frequency PSI of the time-frequency domain, measures information flow based on complex-

valued coherency
barycenter_DTW Barycenter, the univariate time series that captures the center of mass between

two time series
DTW Dynamic time warping, measures the minimum distance between two (potentially

dilated) time series
power_envelope_corr Power envelope correlation, measures correlation between power envelopes of

two time series
coherence_magnitude Coherence magnitude, measures mean coherence between two time series for

full frequency range
cointegration Cointegration, tests if the linear combination of two time-series has a lower inte-

gration order
Pearson Pearson correlation coefficient – computed as empirical covariance, which is

equivalent as we z-score data
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6
Mapping functional, structural, and
molecular correlates of homotopic

connectivity

Left brain, right brain, or duality of man...
Michael Scott, The Office, Season 2 Episode 6

Amidst the complex interactions within and between the two hemispheres of the cerebral cortex, one par-
ticularly intriguing phenomenon is the presence of homotopic functional connectivity (HoFC). HoFC refers
to the synchronized activity between homologous regions in the left and right hemispheres, and forms a
critical component of the brain’s structural and functional architecture. While several studies have high-
lighted HoFC as one of the strongest features of the functional topology of the brain, even defying typical
constraints based on spatial distance and structural wiring between regions, there is still relatively little
known about the precise mechanisms that orchestrate HoFC. To date, most research has quantified HoFC
using the Pearson correlation coefficient, which (as discussed in Chapters 1 and 5) is a linear measure of
contemporaneous coupling between a given region–region pair. In this chapter, we sought to comparatively
quantify HoFC through a multitude of functional connectivity measures from the pyspi library (cf. Chapter 3,
[92]), including linear, nonlinear, and time-lagged measures from multiple disciplines.

However, in quantifying over 200 FC measures in all homotopic region–region pairs in the atlas from De-
sikan et al. [169] in N = 100 Human Connectome Project (HCP) participants [161], we found that a large
subset of measures exhibited very similar patterns of HoFC to that of the Pearson correlation coefficient.
As shown in Figure 6.0.1A, one subset of measures spanning time- and frequency-based coupling (both
directed and undirected), mutual information, time-series alignment, regression-based fits, and distance
measures all exhibited Spearman rank correlation values of |ρ| > 0.8 with the Pearson correlation coeffi-
cient (many in excess of |ρ| > 0.9). For example, one of the information-theoretic measures that emerged as
particularly informative across applications in Chapters 3 and 5 is directed information with a Gaussian den-
sity estimator (first introduced in Chapter 2). While directed information is conceptually and algorithmically
distinct from the Pearson correlation coefficient, across all homotopic region–region pairs and individuals,
they were very highly correlated (Spearman ρ=0.96), as shown in Fig. 6.0.1B. Consistent with our emphasis
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on interpretability through methodological parsimony, we therefore progressed with the Pearson correlation
coefficient as the representative HoFC measure in this chapter. This choice was made not only for its sim-
plicity and interpretability, but also because it is a well-established measure in the literature, allowing for
direct comparisons with previous findings. In this chapter, we explore Pearson correlation-based HoFC to
investigate potential structural, functional, and molecular correlates that may underlie this phenomenon.

Figure 6.0.1: Many measures yield highly correlated homotopic functional connectivity (HoFC) values, in-
cluding directed information. A. This heatmap depicts the absolute Spearman rank correlation (ρ) between each
pair of functional connectivity measures (SPIs; with 228 in total, from the pyspi library [92]) computed across all ho-
motopic region–region pairs in the atlas from Desikan et al. [169] (as in Chapters 2 and 5). The dataset comprises
resting-state fMRI data from 100 unrelated participants in the S1200 release of the Human Connectome Project [161].
The measures are sorted along rows and columns based on hierarchical clustering of the correlation matrix using the
algorithm from Ward Jr [393], with the dendrogram on the left side indicating the clustering structure (with a manually
defined threshold of four clusters). B. The resulting values (converted to ranks per measure) are compared between
the Pearson correlation coefficient (y-axis) and directed information with a Gaussian density estimator (x-axis) for
each homotopic region–region pair per individual, for a total of 34×100 = 3400 pairs. The Spearman rank correlation
coefficient (ρ) is annotated.

This chapter is closely related to a manuscript in submission as: Bryant, A. G., Shine, J. M., & Fulcher,
B. D. Mapping functional, structural, and transcriptomic correlates of homotopic connectivity. bioRxiv
preprint (2025), doi: 10.1101/2025.06.10.657943.
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Abstract

Homotopic functional connectivity (HoFC)—the synchronous activity between homologous regions of the
left and right cortical hemispheres—is a hallmark of inter-hemispheric brain architecture, yet its biologi-
cal underpinnings remain incompletely understood. Here, we characterize spatial variation in resting-state
HoFC and its relation to dominant natural axes of anatomical, functional, and transcriptomic organization
across the human cerebral cortex. We show that the regional distribution of HoFC, from the lowest in asso-
ciation areas (especially limbic) to the highest in primary sensorimotor regions, is preserved in neuropsychi-
atric disorders in a separate neuroimaging cohort (including schizophrenia, bipolar I disorder, and attention-
deficit hyperactivity disorder) despite disease-associated perturbations in magnitude. Regional variation in
HoFC is not fully explained by properties of physical embedding or vascular factors alone; rather, it is as-
sociated with cortex-wide resting-state synchrony and thalamic connectivity, as well as expression of layer
5 intra-telencephalic pyramidal neuron markers. These findings suggest that homotopic coupling is related
to both functional network dynamics and specific neuroanatomical substrates, consistent with shared sub-
cortical drive, highlighting candidate mechanisms that may support resting-state interhemispheric coupling.
Collectively, this work advances our understanding of the biological principles and mechanisms underlying
cortical homotopy.

6.1 INTRODUCTION

The left and right hemispheres of the cerebral cortex exhibit a spectrum of lateralized functions and in-
tegrated processes that collectively underpin behaviors ranging from sensory perception to higher-order
cognition. Coordination between the hemispheres is characterized in part by functional connectivity be-
tween ‘homotopic’ regions of the brain—homologous areas in the left and right hemispheres—which com-
prises a core feature of macroscopic brain organization. Indeed, converging evidence indicates that in the
resting-state brain (i.e., in the absence of a cognitive task), homotopic regions show greater synchrony
than intra-hemispheric or heterotopic region–region pairs [41, 394–398]. Such inter-hemispheric coupling
emerges in embryonic development [399] and is maintained throughout the lifespan, with healthy aging-
related increases in sensorimotor areas and decreases in higher-order associative regions [7]. Homotopic
functional connectivity (‘HoFC’) has been documented across species—including rodent [400–402], zebra
finch [397], and macaque [403, 404]—and is among the most reproducible and temporally robust features
observed in resting-state functional magnetic resonance imaging (fMRI) [404, 405], as well as in rodent
wide-field calcium imaging [52]. While the pronounced functional coupling between homologous regions is
conserved across development and evolution, its relationship with macroscale properties of brain structural
and functional organization remains incompletely understood.

Computational modeling analyses have suggested that properties of both geometric embedding (e.g., phys-
ical distance or number of streamlines between a pair of regions) and homophilic attraction (e.g., similarity in
gene expression or cytoarchitecture) jointly shape the cortical connectome [406]. Within this network-based
framework, homotopic connections coincide with greater similarity in gene-expression patterns, receptor
density profiles, cortical laminarity, and hemodynamic connectivity than heterotopic connections [41]. HoFC
appears to be physically supported by dense structural interconnections via callosal fibers [407], which are
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considerably more numerous between homotopic than non-homotopic regions in the human brain [408].
Homotopic connections appear somewhat anomalous in terms of cortical geometry, however. For example,
Salvador et al. [409] demonstrated that HoFC does not decrease as a function of distance between the two
homotopic regions, which has been independently validated in subsequent studies [404, 410]—suggesting
that HoFC does not adhere to the general inverse association between resting-state functional connectivity
(FC) magnitude and inter-regional distance [49, 409]. Moreover, while the majority of callosal fibers inner-
vate homotopic regions (as opposed to intra-hemispheric or heterotopic region–region pairs) [408], Uddin
et al. [411] reported preserved HoFC following complete commissurotomy, in which the corpus callosum is
surgically severed in the case of treatment-resistant epilepsy. Since a commissurotomy disrupts monosy-
naptic callosal projections, the extant HoFC is hypothesized to be supported (in part) through alternate
polysynaptic routes—potentially via the anterior commissure, which is known to connect homotopic regions
in the temporal cortex [412]. Indeed, O’reilly et al. [413] reported that inter-hemispheric coupling in the rhe-
sus monkey was largely preserved after severing callosal projections, as long as the anterior commissure
was left intact. Resting HoFC has been reported in mammals without a corpus callosum by ontogeny [397],
further pointing to alternative (or potentially supplementary) physical mechanisms underpinning homotopic
connectivity. Collectively, this raises important questions about the neurophysiological mechanisms that
underpin inter-hemispheric connectivity throughout the brain.

One of the dominant axes of macroscopic organization in the cortex follows an organized and gradual
spatial transition of functional connectivity properties [71, 414]. The first principal gradient of functional
connectivity, derived in Margulies et al. [414], places primary sensorimotor regions at one end and higher-
order transmodal and association regions at the other [415]—aligning with a canonical ‘functional hierarchy’
in the cerebral cortex [416]. This spatially ordered functional gradient naturally maps onto the topological
hierarchy of the cortex [71], originally described to encapsulate synaptic architecture in the primate visual
cortex [417, 418]—where ‘topological’ refers to the number of synaptic steps away from the retina. The
brain’s topological organization is hypothesized to mechanistically underpin hierarchical functional special-
ization [419, 420]. Emerging evidence suggests that HoFC also systematically varies along this principal
functional gradient; for example, Stark et al. [394] characterized the regional heterogeneity in HoFC, iden-
tifying a spectrum ranging from the lowest HoFC (transmodal association regions) up to the highest HoFC
(primary sensory-motor regions). The authors posit that the higher linear correlation between BOLD ac-
tivity in primary sensory regions reflects a ‘default state’ of inter-hemispheric synchrony, which decreases
in favor of lateralized hemisphere-specific processing as information is passed up the putative functional
hierarchy [71, 414]. Other groups have reported similar patterns from primary unimodal to heteromodal
to association cortices [421, 422]—though inter-hemispheric synchrony may ramp up among higher-order
regions in the context of a complex task [423, 424].

Amid this regional heterogeneity, we currently lack a comprehensive account of how region-specific vari-
ation in HoFC interfaces with broader macroscopic cortical organization—a gap that must be bridged to
better understand inter-hemispheric communication in the resting brain, in both health and disease. Here,
we focus on regional HoFC variation across the cortex in the resting state, aiming to investigate how the
spatial distribution of HoFC relates to macroscale gradients of functional, anatomical, and transcriptomic
variation across the cortex. Hypothesizing that resting HoFC is linked to a region’s position along the dom-
inant axes of functional and anatomical organization in the cortex, respectively, we specifically compared
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regional HoFC with brain-wide maps capturing anatomical hierarchy, resting-state functional connectivity,
and transcriptomic variation. We also characterize the robustness of regional variation in HoFC magni-
tudes in the context of distinct neuropsychiatric disorders (in an independent neuroimaging cohort), where
disruptions to inter-hemispheric coupling are frequently reported [425–434], and examine how homotopic
coupling relates to cortex-wide resting-state functional connectivity within the ipsilateral and contralateral
cortices. Additionally, we explore several potential physiological bases for cortical HoFC derived from phys-
ical embedding, structural connections, and vascular innervation, along with molecular underpinnings and
thalamocortical connectivity. Collectively, our analyses contribute to our understanding of the structural,
functional, and molecular correlates of homotopic connectivity in the human cerebral cortex, suggesting
promising avenues for future hypothesis-driven investigation.

6.2 RESULTS

In order to quantitatively investigate macroscale patterns of inter-hemispheric coupling, we characterize
the spatial distribution of homotopic functional connectivity (HoFC) across the human cerebral cortex. We
analyze openly available data from the Human Connectome Project (HCP) [161], with preprocessed group-
consensus structural and functional connectomes provided by the ENIGMA Consortium [435] and described
in depth previously [436]. Briefly, Larivière et al. [435] first computed individual structural and functional
connectomes for each of N = 207 participants; for the functional connectome, negative connections were
set to zero and Fisher’s r-to-z transformation [437] was applied (as in previous graph-theoretical analy-
ses [438, 439]), before averaging across participants to yield a consensus connectome. More details about
this dataset are included in the Methods (Sec. 6.5.1). We first assess how the spatial variation in HoFC
magnitude relates to maps of different properties of macroscopic cortical organization along anatomical,
functional, and transcriptomic gradients included in the neuromaps library [440] (in Sec. 6.2.1). After char-
acterizing these relationships, we then evaluate the robustness of the spatial variation in HoFC magnitudes
to three neuropsychiatric disorders in which inter-hemispheric synchrony is reportedly disrupted, querying
the UCLA Consortium for Neuropsychiatric Phenomics dataset [261] (in Sec. 6.2.2). To interpret HoFC in
the context of the broader topological landscape of the cerebral cortex, we additionally compare the aver-
age functional network strength with HoFC magnitude (Results, Sec. 6.2.3). Finally, we investigate potential
molecular and connectomic underpinnings of the spatial variation in HoFC by comparing the map to canon-
ical transcriptomic markers of layer 5 pyramidal neurons (using the Allen Human Brain Atlas [441]) and to
thalamic connectivity (Results, Sec. 6.2.5).

101



Chapter 6 Annie Gilmore Bryant

6.2.1 HOMOTOPIC FUNCTIONAL CONNECTIVITY VARIES ALONG A FUNDAMENTAL AXIS
OF CORTICAL ORGANIZATION

Figure 6.2.1: Regional homotopic functional connectivity (HoFC) variation aligns with a fundamental axis
of macroscale cortical organization. A. The group consensus z-transformed Pearson correlation coefficient (RZ)
between homotopic region pairs is depicted on the cortical surface. Regions with the highest HoFC are annotated with
red text (superior parietal, lateral occipital, and cuneus) and regions with the lowest HoFC visible from medial/lateral
views are annotated with blue text (lateral orbitofrontal, parahippocampal, entorhinal). B. (i) The mean T1w:T2w MRI
signal is plotted for each region (averaged between the two hemispheres) in the same parcellation atlas (from Desikan
et al. [169]) as the HoFC maps in A. (ii) The mean T1w:T2w MRI signal (x-axis) is compared with the HoFC value
(y-axis) per region, with the Spearman rank correlation (ρ) annotated. C. (i) The mean first principal component of
gene expression from the Allen Human Brain Atlas (AHBA PC1) is plotted for each region (averaged between the two
hemispheres). (ii) As in B(ii), the AHBA PC1 value (x-axis) is compared with the HoFC value (y-axis) per region. D.
(i) The mean first principal gradient (PG1) of functional connectivity (FC) from Margulies et al. [414] is plotted for each
region (averaged between the two hemispheres). (ii) As in B(ii), the PG1 value (x-axis) is compared with the HoFC
value (y-axis) per region. ∗∗∗, P < 0.001; ∗∗, P < 0.01; single-hemisphere spin test with 10,000 permutations [442].

We first characterized the spatial distribution of HoFC magnitudes across the cerebral cortex from a consen-
sus connectome derived from N = 207 individuals from the HCP S1200 release (see Methods, Sec. 6.5.1).
For each cortical region in the parcellation atlas from Desikan et al. [169] (34 regions per hemisphere), we
examined the z-scored Pearson correlation coefficient (RZ) between the left and right hemispheres from the
group consensus connectome. This approach yielded a cortex-wide map of HoFC magnitudes, allowing
us to quantitatively compare regional HoFC gradients with other properties of macroscale cortical organi-
zation. As shown in brain maps in Fig. 6.2.1A, we observed a clear gradient of HoFC magnitudes across
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the cortex, from the lowest values in the entorhinal cortex (RZ = 0.05) and temporal pole (RZ = 0.03; not
visible in Fig. 6.2.1A) to the highest in the superior parietal cortex (RZ = 0.71) and lateral occipital cortex
(RZ = 0.70). This pattern is consistent with previous analyses using the HCP dataset [421, 422] as well
as different imaging cohorts [394, 410, 421], supporting prior findings that resting-state HoFC is highest in
primary motor, visual, and somatosensory regions and lowest in association cortices.

Margulies et al. [414] demonstrated that the first principal gradient (PG1) of resting-state functional connec-
tivity (FC) systematically varies across the cortical sheet in a way that tracks the topological hierarchy of
laminar projections, ranging from primary sensory regions to transmodal to association cortices [71]. Here,
we focus on properties of concerted variation in macroscale cortical organization and their relation to a
‘fundamental axis’ of the cerebral cortex [416], with ‘hierarchy’ referring specifically to the anatomical or-
ganization of laminar feed-forward and feed-back patterns of inter-areal anatomical connections (originally
identified in non-human primate cortex with histological tract-tracing) analysis [418, 443, 444]. Specifically,
we examine three distinct types of graded spatial variation across the cortical sheet using curated refer-
ence maps from the neuromaps toolbox [440]. Given the proposed links between HoFC and white matter
microstructural properties [395], we first queried the ratio of T1-weighted to T2-weighted (T1w:T2w) signal
from structural MRI, which is sensitive to intracortical myelin content (as well as several other microstruc-
tural properties of neurons) [445]. Burt et al. [446] subsequently demonstrated that T1w:T2w is a reliable
non-invasive proxy for the anatomical hierarchy of the cortex. We additionally examined transcriptional orga-
nization across the cortex using the first principal component (PC1) of brain-wide gene expression from the
Allen Human Brain Atlas, (AHBA) [441], which captures maximal variance in gene expression and provides
a proxy for cell-type distributions across the cortex [446–448]. Lastly, we queried the FC PG1 to capture
maximal variance in resting-state FC the cortical sheet, positioning primary sensorimotor regions at one
end and higher-order association regions at the other [414].

We compared the regional HoFC variation (as shown in Fig. 6.2.1A) with the mean value in the correspond-
ing area of each map of macroscale cortical organization, averaging between the left and right hemispheres
for each in the latter case. Statistical significance was evaluated using a non-parametric single-hemisphere
spin test [442] with 10,000 permutations (see Methods for details, Sec. 6.5.3). Of note, the T1w:T2w and
AHBA gradients exhibit a positive correlation in their respective spatial variations [446] and a negative cor-
relation with that of PG1 magnitudes; in other words, T1w:T2w and AHBA values are generally negatively
correlated with the anatomical hierarchy of the cortex, while PG1 values exhibit a positive association. As
depicted in Figs 6.2.1B-D, we found that the spatial variation in HoFC magnitude is significantly correlated
with all three maps of macroscale cortical organization—in a manner that suggests HoFC is inversely as-
sociated with the anatomical hierarchy in the cortex. Specifically, we observed a positive correlation to the
T1w:T2w map (ρ = 0.66; Pspin = 5 × 10−4, single-hemisphere spin test with 10,000 permutations) and
transcriptomic AHBA PC1 map (ρ = 0.79; Pspin = 2 × 10−4) and a negative correlation to the PG1 map
(ρ = −0.61; Pspin = 1 × 10−3). Regions with the highest-magnitude resting HoFC (RZ ≥ 0.6) exhibited
among the highest values of T1w:T2w MRI signal (Fig. 6.2.1B), corresponding to lower positions along the
anatomical hierarchy. These same high-magnitude HoFC regions also sit at the apex of AHBA PC1 gene
expression values (Fig. 6.2.1D), which tracks a molecular gradient in which higher values correspond to
greater microglial and CA1 pyramidal neuron density and downregulation of cell signaling and modification
pathways [449]. Similar alignment between T1w:T2w and AHBA PC1 gradients was reported in Burt et al.
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[446], suggesting these two properties converge toward a common axis of anatomical and transcriptomic
regional variation. Lastly, the high-magnitude HoFC regions exhibited among the lowest functional PG1 val-
ues (Fig. 6.2.1C), which maps to the primary unimodal end (rather than association) of the dominant axis of
functional connectivity described in Margulies et al. [414]. Collectively, our results suggest that HoFC spa-
tial variation tracks primary axes of anatomical hierarchy and macroscale organization across the cortical
sheet.

6.2.2 SPATIAL VARIATION IN HOMOTOPIC FUNCTIONAL CONNECTIVITY IS PRESERVED
ACROSS NEUROPSYCHIATRIC DISORDERS

We next posed two follow-up questions: (1) How reproducible is the spatial variation in resting-state HoFC
in another young and clinically normative population?; and (2) Is this macroscale HoFC gradient altered
in the context of disease? For the latter, we focused on neuropsychiatric disorders, which are generally
attributed to dysfunction across distributed brain networks [247, 249, 275, 293], with widespread alterations
to functional coupling throughout the cerebral cortex. Mounting evidence indicates that HoFC is reduced
across the brain in a multitude of neuropsychiatric disorders, including anxiety and depression [425–427],
autism spectrum disorder [428–430], bipolar disorder [431], and schizophrenia [432–434], suggesting that
reduced HoFC may serve as a transdiagnostic biomarker [450]. However, it remains to be clarified whether
this general reduction in HoFC exhibits characteristic spatial changes in a given disorder or manifests dif-
fusely throughout the cortex. To address both of these questions, we investigated the spatial distribution
of resting-state HoFC magnitudes in participants in a neurotypical control group (N = 116) or those diag-
nosed with one of three neuropsychiatric disorders included in the UCLA Consortium for Neuropsychiatric
Phenomics (CNP) study [261]: schizophrenia (SCZ; N = 48), bipolar I disorder (BP; N = 49), and attention-
deficit hyperactivity disorder (ADHD; N = 39). More information about data acquisition and preprocessing
with this cohort is provided in the Methods (Sec. 6.5.1).
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Figure 6.2.2: The macroscale HoFC regional gradient is preserved across neuropsychiatric disorders, de-
spite heterogeneous disease-associated perturbations in inter-hemispheric coupling. A. The regional HoFC
gradient is depicted on the cortical surface for control participants (N=116) in the UCLA CNP cohort. HoFC values
reflect group-averaged Pearson correlation coefficient values (R); note that correlation values were not z-scored in
the preprocessing pipeline for this dataset. B. (i) The regional HoFC gradient is depicted on the cortical surface for
schizophrenia (SCZ) participants (N=48) in the UCLA CNP cohort. (ii) For each brain region, the difference in HoFC
(∆ HoFC, in units of R) between SCZ versus control participants is plotted on the cortical surface. (iii) The regional
HoFC values are plotted for control (x-axis) versus SCZ (y-axis) participants, with the Spearman rank correlation (ρ)
indicated in the top left corner. Points reflect brain regions (total of 34) and are colored as in (ii), and the identity line
with slope=1 is shown as a black dashed line. C. For bipolar I disorder (BP, N=49), the regional HoFC gradient (i),
difference relative to controls (ii), and scatter plot compared with control values (iii) are plotted as with SCZ in B. D.
For attention-deficit hyperactivity disorder (ADHD, N=38), the regional HoFC gradient (i), difference relative to controls
(ii), and scatter plot compared with control values (iii) are plotted as with SCZ in B.

First, comparing the HoFC map from neurotypical controls in the UCLA CNP cohort (cf. Fig. 6.2.2A) to
that of the HCP cohort (cf. Fig. 6.2.1A) demonstrated general concordance between the two maps, with
a Spearman correlation of ρ = 0.62 (P = 5 × 10−4, single-hemisphere spin test with 10,000 permuta-
tions [442]). The direct spatial comparison is shown in more detail in Fig. S1, with overall visual agreement
in the pattern of higher HoFC in primary sensorimotor regions and lower HoFC in higher-order transmodal
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and association areas1. Next, having demonstrated consistent spatial variation in HoFC magnitudes in
this independent control cohort, we investigated the spatial variation in HoFC in each of the three disor-
ders. As shown in Figs 6.2.2B(i)-D(i), the distribution of HoFC magnitudes across the cortex was visually
similar between each neuropsychiatric disorder cohort (averaged across participants) and that of the con-
trol group—although magnitudes were visually lower in SCZ in particular. To directly examine the nature
of HoFC changes across the cortical sheet in these three disorders, we computed the mean difference in
HoFC R values between each disorder and the control cohort per region, yielding a ∆R = RDisorder−RControl

value for each region. These ∆R values are plotted on the cortical surface in Figs 6.2.2B(ii)-D(ii), revealing
that most regions exhibited reduced HoFC to some degree relative to controls, consistent with previous
reports [431–434]. The most pronounced HoFC differences appeared in SCZ, in which three cortical areas
showed a change of ∆R < −0.1: pars opercularis (∆R = −0.13), middle temporal gyrus (∆R = −0.12),
and superior temporal gyrus (∆R = −0.11). By contrast, most regions in BP and ADHD showed smaller
differences in HoFC (−0.05 ≤ ∆R ≤ 0.05), though the banks of the superior temporal sulcus (‘bankssts’)
exhibited more pronounced HoFC reduction in BP with ∆R = −0.11. Overall, the ∆R distributions reflect
heterogeneous and relatively low-magnitude HoFC perturbations in each disorder.

Against the backdrop of generally reduced HoFC (to varying degrees) in SCZ, BP, and ADHD, we next
quantified the extent to which the HoFC spatial gradient observed in the neurotypical control cortex is
altered in each of these neuropsychiatric disorders. In Figs 6.2.2B(iii)-D(iii), we compared the HoFC (R) per
cortical region in each diagnostic group (x-axis) versus that of the UCLA CNP control cohort (y-axis, from
Fig. 6.2.2A). The spatial gradient of HoFC was largely preserved in all three disorders, with Spearman’s
ρ = 0.93 in SCZ, ρ = 0.97 in BP, and ρ = 0.98 in ADHD. While most regions fell below the identity line
(dashed black in Fig. 6.2.2D), meaning ∆R < 0, computing the line of best fit per disorder (not shown)
yielded slopes between m = 0.91 (SCZ) and m = 1.02 (ADHD)—suggesting that despite heterogeneous
disease-associated alterations across the cortical sheet, the overall regional variation in HoFC appears to
be robust and reproducible across cohorts.

1Supplementary figures are included in Appendix 5.
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6.2.3 HOMOTOPIC CONNECTIVITY IS LINKED TO BROADER RESTING-STATE FUNCTIONAL
NETWORK TOPOLOGY

Figure 6.2.3: Homotopic functional connectivity (HoFC) is linked to regional degree within and between hemi-
spheres in the functional connectome. A. Our approach to compare hemisphere-averaged connections within
versus across hemispheres is depicted schematically. Starting with the full 68×68 functional connectome (with the
atlas from Desikan et al. [169]), we first divided the connectome into four quadrants (L ↔ L, L ↔ R, R ↔ L, and
R ↔ R). Within each quadrant, correlation values above and below the diagonal line are symmetric (and therefore,
redundant), so only the lower four triangles were retained. To generalize across left and right hemispheres, we then
computed the average intra-hemispheric connections (by averaging over L ↔ L and R ↔ R per region–region pair)
and average inter-hemispheric connections (by averaging over R ↔ L and L ↔ R per region–region pair). This yielded
one final matrix, with homotopic connections along the diagonal, and one triangle for intra- and inter-hemispheric
functional connections, respectively. B. The resulting group-averaged functional connectome (hemisphere-averaged
from the process depicted in A) is shown, with values representing the mean z-scored Pearson correlation across all
individuals in the HCP cohort from ENIGMA (see Methods, Sec. 6.5.1). The left triangle depicts intra-hemispheric
connectivity, while the right triangle depicts inter-hemispheric connectivity. The nodes along the center line indicate
homotopic connections, and the same HoFC values shown in the heatmap are also plotted on the cortical surface
below to guide visual interpretation with the same color scale. C. For each cortical region, the average FC value (RZ)
to all other regions is computed within the (i) ipsilateral hemisphere or (ii) contralateral hemisphere and plotted on the
x-axis versus the HoFC value for the corresponding region on the y-axis. In each case (intra- or inter-hemispheric),
the Spearman rank correlation (ρ) is indicated at the top left corner. ∗∗∗, P < 0.001; single-hemisphere spin test with
10,000 permutations [442].

While prior work has demonstrated that homotopic region pairs exhibit overall greater linear correlation in
BOLD activity than intra-hemispheric or heterotopic connections [41, 395–398, 404], to our knowledge,
the relationship between HoFC and general properties of functional connectivity in the resting brain has
not been investigated previously. To address this gap, we sought to clarify how regional HoFC magnitude
relates to average node strength in the functional connectome, both within and across hemispheres. We
aggregated the connections per region–region pair into a single group FC matrix, with intra-hemispheric
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connections in one matrix triangle and inter-hemispheric connections in the other, as depicted schemat-
ically in Fig. 6.2.3A. The resulting group-averaged functional connectome is plotted in Fig. 6.2.3B, which
visually demonstrates a striking level of symmetry between intra-hemispheric functional connections (left
triangle) and inter-hemispheric connections (right triangle) across all region–region pairs. Regions are or-
dered according to their mean HoFC magnitude, revealing a spectrum ranging from overall higher FC values
(both within and across hemispheres) in regions with higher HoFC to lower cortex-wide FC values in regions
with lower HoFC. For each region, we computed its overall average (non-homotopic) nodal strength within
the intra- and inter-hemispheric functional networks, defined as the average functional connectivity (in RZ)
between each region and each of the other 33 regions in the atlas from Desikan et al. [169]. As shown
in Fig. 6.2.3C, the average strength per region was strongly correlated with HoFC magnitudes, both within
(ρ = 0.86; Pspin = 1×10−4, single-hemisphere spin test with 10,000 permutations) and across hemispheres
(ρ = 0.92, Pspin = 1× 10−4). This indicates that the macroscale gradient in resting-state HoFC also mirrors
that of average FC strength generally, both within and across hemispheres.

6.2.4 HOMOTOPIC FUNCTIONAL CONNECTIVITY IS SPATIALLY RELATED TO VARIATION
IN VASCULAR INNERVATION, BUT NOT GEOMETRIC EMBEDDING

In order to better understand plausible candidates for the physiological underpinnings of HoFC in health and
disease, we next investigated properties related to structural connectivity, physical embedding, and vascu-
lar pathology. Structural connectivity within the mammalian cortex follows an exponential distance rule,
such that the probability of a physical connection between two areas and the strength of the connection
both decrease exponentially with increasing physical distance [451, 452]; this effect has been replicated in
human structural connectivity analysis [453, 454]. Resting-state FC generally exhibits a similar spatial con-
straint [409, 455, 456], and the structure–function coupling magnitude varies along the anatomical hierarchy
of the cortex [60, 457, 458]. Cortico-cortical HoFC strength is also reportedly linked to structural connec-
tivity integrity between region–region pairs [395, 459]—as is the case in resting-state FC in general [49].
However, prior work also indicates that HoFC does not decrease with inter-region distance, with greater
connectivity between homotopic regions than would be expected based on their physical distance [404,
409, 410]—perhaps due to the specificity of cross-hemisphere connectivity. In light of these findings, it has
yet to be clarified whether HoFC is associated with cortical variation in structural architecture. To test this,
we compared the resting HoFC gradient in Fig. 6.2.1A with: (1) anatomical connectivity, quantified as the
log-transformed number of streamlines estimated using diffusion tensor imaging; and (2) spatial proximity,
quantified as the Euclidean distance between the centroid vertex of each region on the cortical surface. The
group-consensus structural connectome analyzed here is from the same participants as with the functional
connectome, all preprocessed in Larivière et al. [435]; more details are provided in the Methods (Sec. 6.5.2).
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Figure 6.2.4: Regional HoFC is not statistically associated with structural connectivity or Euclidean distance,
but it is inversely associated with arterial density. A. The same HoFC gradient from Fig. 6.2.1A is replicated here to
guide visual interpretation, with values projected onto the cortical surface. B. (i) The log-transformed streamline count
between homotopic region pairs is depicted on the cortical surface. As part of the consensus connectome procedure
in Larivière et al. [435], region–region pairs with low and/or highly variable streamline counts were thresholded out and
the log-count set to zero. (ii) The mean log-streamline count connecting each homotopic region pair (x-axis) is plotted
against the HoFC for each corresponding region (y-axis), with the Spearman rank correlation (ρ) annotated. C. (i)
The Euclidean distance between the centroid vertex of each homotopic region pair is depicted on the cortical surface.
(ii) As in B(ii), the mean Euclidean distance between each homotopic region pair (x-axis) is plotted against the HoFC
for each corresponding region (y-axis). D. (i) The mean arterial density in each region [460] is plotted on the cortical
surface, averaged between the two hemispheres per region. (ii) As in B(ii), the mean hemisphere-averaged arterial
density (x-axis) is plotted against the HoFC for each corresponding region (y-axis). ∗ , Pspin < 0.05; single-hemisphere
spin test with 10,000 permutations [442].

As shown in Fig. 6.2.4B, the cortical gradient of resting HoFC was not significantly correlated with structural
connectivity, estimated as the log10-transformed streamline count (ρ = 0.12, Pspin = 0.5, single-hemisphere
spin test with 10,000 permutations [442]). Of note, the preprocessed structural connectome was generated
with a distance-dependent consensus threshold approach [461] to retain edges reliably detected across
the N = 207 participants while preserving individual-level connection length distributions. In the resulting
structural connectome provided in Larivière et al. [435], for 12 of the 34 regions in the atlas from Desikan et
al. [169], homotopic anatomical connections were not reliably detected across participants after adjusting for
streamline length, such that the estimated streamline count was approximated as zero after log-transforming
all other streamline counts (corresponding to the 12 regions plotted along the zero line on the x-axis in
Fig. 6.2.4B). We confirmed in a robustness analysis that in the absence of thresholding, with a subset of
100 structural connectomes (out of the N = 207 in the ENIGMA-provided dataset [435]) preprocessed with
a similar pipeline [167], there was no significant association between anatomical connectivity and HoFC
across the cortex (ρ = 0.18, Pspin = 0.31; Fig. S2). Similarly, there was no significant association between
spatial proximity and HoFC magnitude (ρ = 0.16, Pspin = 0.3), as shown in Fig. 6.2.4C. Some of the closest
regions along the cortical midline (separated by ≤20 mm) showed relatively low HoFC (RZ ≤ 0.4); in contrast
to regions like the postcentral gyrus, which exhibited among the highest HoFC (RZ = 0.64), despite the left
and right regions sitting 85.3 mm apart on average (in the fsaverage template surface). These findings
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indicate that properties of anatomical wiring and physical embedding do not account for regional variation
in HoFC strength—suggesting that the spatial HoFC gradient may be related to additional factors that are
(at least partly) dissociable from direct structural architecture.

As another possible physiological mechanism that might contribute to homotopic BOLD connectivity, we
also examined properties of the cerebral vasculature. BOLD fMRI intrinsically captures neurovascular cou-
pling by measuring the ratio of deoxygenated to oxygenated hemoglobin over time in each voxel [462]. Prior
work indicates that homotopic regions exhibit highly synchronous oscillations in vessel diameter [463], and
Drew et al. [464] posit that vascular geometry serves as a physiological substrate for HoFC in addition to
inter-hemispheric anatomical projections. Moreover, emerging work suggests that asymmetries in capillary
transit time heterogeneity [465] and/or venous draining [466] are associated with attenuated BOLD fMRI
connectivity between homotopic regions. Given these findings linking vascular innervation properties with
HoFC, we reasoned that spatial HoFC variation may relate to differences in the type and density of vas-
cular innervation across the cortical surface. To investigate this, we queried the probabilistic atlases for
arterial and venous density in Bernier et al. [460] in the same parcellation space. Arteries carry oxygenated
hemoglobin from the heart into the brain; they are generally 1-5 mm in diameter and dilate within a few hun-
dred milliseconds of neural activity onset [467]. By contrast, veins carry de-oxygenated hemoglobin from
the brain back into the peripheral vasculature; veins are generally similar in diameter to arteries, though
they exhibit dilations much smaller in volume and on a slower timescale than arteries (i.e., tens of seconds
after activity onset) [462, 468].

As shown in Figs 6.2.4D(i,ii), arterial density was mostly concentrated around medial temporal and frontal
regions as well as the lateral parietal cortex, and exhibited a significant negative association with the re-
gional variation in HoFC magnitude (ρ = −0.35, Pspin = 7 × 10−3, single-hemisphere spin test with 10,000
permutations). This negative association suggests that regions with greater arterial supply tend to exhibit
lower HoFC magnitude, which is consistent with emerging work demonstrating that proximity to the nearest
artery is inversely associated with a region’s weighted degree centrality (i.e., strength) within the functional
connectome [469]. By contrast, venous density was concentrated around visual and inferior frontal/temporal
cortices and was not associated with HoFC (ρ = −0.08, Pspin = 0.8; Fig. S3). Collectively, the significant (al-
beit relatively low-magnitude) negative correlation between arterial density and HoFC magnitude suggests
that cerebral vascularization may be related to inter-hemispheric functional connectivity.

6.2.5 REGIONAL HOMOTOPIC CONNECTIVITY VARIATION MIRRORS PATTERNS OF INTRA-
TELENCEPHALIC NEURON DENSITY AND THALAMIC COUPLING

While the demonstrated spatial variation in HoFC magnitude is robust across cohorts and neuropsychiatric
disorders, the lack of association with structural connectivity and spatial proximity invites the question: in
addition to vascular innervation, what other physiological mechanisms may support resting-state HoFC?
We return to seminal work in the rodent visual cortex, in which Miller and Vogt [470] traced callosal fibers to
demonstrate that homotopic connections project specifically to neurons in layer 5 of the cortex—compared
with heterotopic fibers, which project throughout layers 2 to 5. Although callosal fibers seem to mediate
HoFC, homotopic regions still exhibit coupling in cases of corpus callosum agenesis [471] and surgical
severance [411], suggesting alternate (and potentially compensatory) mechanisms—for example, polysy-
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naptic connections or common external drive from subcortical structures, such as the thalamus or basal
forebrain [404, 472].

Emerging evidence suggests that excitatory glutamatergic layer 5 neuron density closely tracks the first prin-
cipal gradient of functional connectivity [473] and that neurons in layer 5 project to the contralateral cortex
more so than other layers [52]. We cannot directly trace layer-specific fibers in any of the participant cohorts
examined here; we can, however, examine transcriptomic markers of layer- and connectivity-specific layer
5 neuron subtypes in the brain. Baker et al. [474] thoroughly characterized subtypes of neocortical pyra-
midal neurons with somata in layers 5 and 6, broadly distinguishing between intra-telencephalic neurons
(‘IT’, which exclusively project axons to other cortical regions) versus extra-telencephalic neurons (‘ET’,
which also project to subcortical and brainstem structures). Within IT and ET classes, neuronal subtypes
exhibit diverse sublaminar localization, dendritic arborization, axonal projection targets, and transcriptomic
signatures [475, 476]. Here, we focused on IT and ET neurons with somata in layer 5 specifically, se-
lecting one representative marker gene per subtype from Baker et al. [474]: SATB2 for IT neurons and
CTIP2 for ET neurons. Previous work has identified SATB2 as a key regulator for axonogenesis, synapse
formation, and the differentiation of neurons with both callosal and subcortical projections [477–479]. The
transcription factor CTIP2 is expressed in subcerebral projection neurons and is required for axonal fascicu-
lation, outgrowth, and pathfinding [480, 481]. Co-expression of these two genes is critical for proper axonal
specialization in layer 5 neurons [482, 483]—with SATB2 and CTIP2 driving differentiation of callosal and
corticospinal projection neurons, respectively.

In order to quantitatively compare HoFC magnitudes with expression of these key transcriptomic mediators
of inter-hemispheric connectivity, we queried the AHBA specifically for SATB2 and BCL11B (the alternative
gene name for CTIP2), interpolating the cortical microarray expression values in the same parcellation atlas
as the functional connectome [169] (see Methods, Sec. 6.5.2 for more details). This analysis is motivated
by recent work investigating the genetic correlates of resting-state HoFC in the healthy brain [484] and in
the context of schizophrenia [434], both of which identified hundreds of genes associated with HoFC that
collectively contribute to functions including cell–cell communication and synaptic transmission. We depict
the brain maps for SATB2 and CTIP2 expression (taking the average between left and right hemispheres
per region; normalized to arbitrary units) for IT and ET layer 5 neurons, respectively, in Fig. 6.2.5A-B(i).
Comparing regional HoFC values with the mean normalized expression of these two genes across all
34 regions in Fig. 6.2.5B revealed that regional SATB2 expression is positively correlated with RZ (ρ =

0.49; Pspin = 1 × 10−3, single-hemisphere spin test with 10,000 permutations [442]). By contrast, CTIP2
expression was not significantly correlated with HoFC magnitudes across the cortex (Spearman ρ = −0.28;
Pspin = 0.1).
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Figure 6.2.5: Homotopic connectivity magnitude is positively associated with expression of SATB2, a marker
of intra-telencephalic layer 5 pyramidal neurons, and with resting-state thalamic connectivity. Two genes were
investigated as potential molecular underpinnings of HoFC: (A) SATB2 and (B) CTIP2. For both genes, the mean
normalized expression value between the left and right hemisphere (queried from the AHBA [441]) is projected onto
the cortical surface in (i). These mean values per region are then compared on the x-axis in A(ii) and B(ii) with the
HoFC value per corresponding region on the y-axis, with the black lines indicating the line of best fit. In both cases, the
Spearman rank correlation (ρ) is indicated. C. (i) For each brain region, the mean FC with the bilateral thalamus (i.e.,
averaged for both intra- and inter-hemispheric connections in both hemispheres) is depicted on the cortical surface. (ii)
The same values from (i) are compared on the x-axis with the HoFC value per region on the y-axis, with the black line
indicating the line of best fit and ρ indicating the Spearman rank correlation value. ∗∗∗ , Pspin < 0.001; ∗∗ , Pspin < 0.01;
single-hemisphere spin test with 10,000 permutations [442].

Higher SATB2 expression in a given region in the adult brain may reflect greater molecular support for in-
terhemispheric callosal projections through more SATB2+ (IT) neurons—which generally exhibit somata in
layers 5 and 6 and project within the cortex, striatum, and claustrum [474]. Layer 5 pyramidal neurons are
key components of cortico-cortical circuits and are known to project to subcortical structures, including the
thalamus, as well as contralateral cortical targets via callosal fibers [485]. Ruffini et al. [486] propose that
shared inputs from the thalamus may directly contribute to HoFC, in which case the functional synchrony
would arise from the same input from common upstream influences rather than direct interhemispheric
communication. Despite such potential theoretical links, the extent to which thalamocortical connectivity
supports or constrains HoFC during rest remains poorly understood. As a first step to explore this potential
relationship, we quantified the association between regional HoFC and thalamocortical functional connec-
tivity by computing the average FC between each pair of homotopic regions and the thalamus across both
hemispheres. As shown in Fig. 6.2.5C, we observed a positive correlation between HoFC magnitude and
bilateral thalamic connectivity (ρ = 0.61; Pspin = 7×10−4, spin test with 10,000 permutations [442]), suggest-
ing that regions more tightly coupled with the thalamus also exhibit stronger interhemispheric correlation.
These findings collectively suggest that HoFC in the cerebral cortex is spatially related to both layer 5
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IT pyramidal neuron gene expression and to thalamo-cortical functional connectivity in the resting state,
suggesting these are promising candidate biological mechanisms for further investigation in future HoFC
research.

6.3 DISCUSSION

In this study, we provided a comprehensive account of how resting-state homotopic functional connectivity
(HoFC)—a key feature of inter-hemispheric organization—varies across the human cortex and relates to
structural, functional, and transcriptomic properties. We have shown that regional resting-state HoFC is not
spatially homogeneous, but rather exhibits a characteristic regional variation that, in turn, aligns with the
dominant axis of anatomical hierarchy and macroscale functional and transcriptomic organization across
the cortical sheet (Fig. 6.2.1). This spatial gradient was robust to heterogeneous disease-associated per-
turbations in region-level HoFC (in a separate neuroimaging cohort [261]), most of which corresponded
to relatively low-magnitude decreases across the cortex (Fig. 6.2.2). Regions that were more functionally
connected within and across hemispheres in the resting state also exhibited greater homotopic coupling,
suggesting that HoFC and overall functional connectivity strength co-vary along a similar gradient. Further-
more, we demonstrated that regional HoFC variation in the cortex cannot be fully explained by structural
architecture or vascular factors (Fig. 6.2.4), but instead appears to track neuroanatomical features such as
layer 5 intra-telencephalic (IT) neuron gene expression and thalamic connectivity (Fig. 6.2.5). Together,
these findings suggest that homotopic connectivity relates to a confluence of functional network dynamics
and specific neuroanatomical substrates, providing new insights into multimodal correlates of resting-state
inter-hemispheric integration.

Our findings are consistent with previous reports of inverse associations between HoFC and position along
a fundamental axis [416] of macroscale cortical organization, from primary sensorimotor to association re-
gions [394, 421, 422], though the specific mechanisms mediating this relationship will need to be directly
tested in the future. For example, prior work has established that primary sensory/motor cortices are more
heavily myelinated [487] and exhibit higher T1w:T2w signal ratios [488]. The T1w:T2w ratio is sensitive to
multiple microstructural properties of the gray matter [445, 489] and is a hypothesized (inverse) correlate of
the anatomical hierarchy of laminar differentiation across the cortex [446]. We observed a significant pos-
itive association between HoFC and T1w:T2w gradients across the cerebral cortex, suggesting that HoFC
decreases with ascending position along the putative anatomical hierarchy. Of note, Shafiei et al. [239]
reported that the gradient of T1w:T2w values—along with that of AHBA PC1 values—is strongly associ-
ated with the dominant axis of resting-state neurophysiological fMRI dynamics across the cerebral cortex.
Collectively, our findings are congruent with the ‘default state’ of inter-hemispheric synchrony proposed by
Stark et al. [394], with the highest HoFC observed in primary sensorimotor regions. The tighter bilateral cou-
pling between these primary sensorimotor regions may suggest greater resting-state symmetry in support
of sensory perception and motor coordination, potentially via shared inputs from thalamic drive [486].

The preserved resting-state HoFC gradient in a separate neurotypical cohort and in three neuropsychi-
atric disorder groups (SCZ, BP, and ADHD) is surprising, given the inter-individual variability in resting-state
functional connectivity [490], which is particularly pronounced in neuropsychiatric disorders [491]. This sug-
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gests that while most regions exhibited decreased HoFC with heterogeneous magnitudes across the three
disorders relative to neurotypical controls, such disease-related perturbations were outweighed by the dom-
inance of the overall HoFC spatial gradient. In a recent meta-analysis, Yao and Kendrick [450] reported that
HoFC changes in ADHD were too small and/or variable to be reliably included, instead identifying com-
mon HoFC reductions in visual and motor regions in SCZ along with autism spectrum disorder, anxiety,
depression, and addiction (n.b., BP was not included in that specific cross-disorder analysis). Prior work
in SCZ populations has demonstrated that HoFC reductions are associated with auditory verbal hallucina-
tions [492], social withdrawal [434], and cognitive deficits [493]. To our knowledge, this is the first analysis
to demonstrate that the macroscale HoFC gradient is robust to subtle disease-associated alterations at the
regional level. Of note, the magnitude of HoFC reductions was most pronounced in SCZ, followed by BP,
and least pronounced in ADHD—which is consistent with previous findings that resting-state fMRI dynamics
were more distinctively altered in SCZ and BP than in ADHD in this cohort [79]. However, future investiga-
tion in an external dataset(s) will be needed to more fully explore this preliminary finding in the context of
key covariates, including symptom severity and treatment usage.

Having identified a robust gradient of HoFC across the cortex across multiple participant groups and imaging
cohorts, we further established that HoFC magnitude is strongly related to the overall regional FC strength,
averaged across all of each region’s functional connections. While the general distribution of brain-wide
homotopic connectivity strengths has been compared to that of heterotopic connections [41, 404], the rela-
tionship between HoFC in a given region and its other intra- and inter-hemispheric functional connections
has not previously been characterized, to our knowledge. Collectively, our functional network analysis sug-
gests that HoFC is higher in regions that are more functionally connected to the rest of the cortex (i.e.,
higher node average strength; cf. Fig 6.2.3). In other words, regions that show greater overall functional
connectivity within the ipsilateral hemisphere, and are therefore more functionally central, also exhibit func-
tional synchrony with the contralateral hemisphere, indicative of a more globally shared signal. Our findings
suggest that both HoFC and shared global signal are closely related, with decreasing dominance of both
measures in the resting-state brain with ascending position along the anatomical hierarchy and the first
principal gradient of functional connectivity.

We investigated potential contributions of vascular innervation and/or structural architecture to the resting-
state HoFC gradient, finding that only arterial density was (negatively) associated with HoFC magnitude. It
is difficult to disentangle biological versus methodological implications in the context of BOLD fMRI, which is
itself sensitive to neurovascular coupling [462] and may be less suited to detect arterial rather than venous
dynamics [494]. One potential biological interpretation could be that higher arterial density coincides with
greater metabolic lateralization, which would in turn reduce the need for synchronous bilateral activity [51,
495, 496]—though further hypothesis-driven investigation in an external dataset is warranted to clarify the
meaning of the inverse spatial association between HoFC magnitude and regional arterial density. The find-
ing that resting-state HoFC magnitude was not statistically associated with structural connectivity (quantified
as log-transformed number of streamlines, estimated from diffusion-weighted imaging) is surprising, given
the proportion of callosal fibers innervating homotopic region pairs [408, 497] and previous findings that
cortical HoFC is affected by structural connectivity integrity [395, 459]. As with functional connectivity in
general, the relationship between structure and function is nuanced and highly variable across both spatial
and temporal scales; for example, Shen et al. [404] reported that the number of tract-traced fibers gener-
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ally correlated with temporal stability of a given homotopic connection, but this pattern was subverted by
primary sensory regions (including V1) that do not exhibit direct structural connections. While the quan-
tity of innervating white-matter tracts did not spatially correlate with HoFC magnitude in this analysis, it
is worth noting that primary sensorimotor cortices are interconnected via fibers with thicker myelin (i.e.,
faster conductance) while heteromodal and association areas are interconnected via fibers with thinner
myelin (i.e., slower conductance) [497]. It may be that resting-state HoFC is more related to qualities of the
structural connections, such as fiber diameter and conductance speed, rather than the overall quantity of
fibers [394, 404]; indeed, Mollink et al. [395] reported that HoFC is intrinsically associated with properties
of white-matter myeloarchitecture [395].

We also found that SATB2 expression is positively correlated with regional variation in HoFC magnitude,
which is a marker for layer 5 IT pyramidal neurons [474]. This is a departure from previous findings that
layer 5 IT neuron density is positively associated with a region’s position along the topographical hierarchy
of the cortex, as indexed by the first principal gradient of functional connectivity [473]. The difference could
arise from sensitivity to different subtypes in layer 5 IT neurons (e.g., cortico-cortical versus cortico-striatal
projecting) and laminar-specific asymmetries [498]. Of note, functional connectivity between two brain re-
gions can arise through multiple underlying mechanisms, including the influence of common afferent inputs,
shared efferent targets, or reciprocal anatomical connections [50, 52]. In the context of HoFC, Mancuso
et al. [51] proposed that the particularly strong BOLD activity correlation observed between homotopic re-
gions in the sensory and motor cortices may be driven by convergent thalamic inputs and/or coordinated
corticospinal outputs—a hypothesis that has since been echoed by recent work applying the Ising model
to characterize structure–function coupling [486]. Indeed, projections from parvalbumin-staining thalamic
neurons are most densely concentrated in granular layer IV of primary sensory cortex (and motor cortex, to
a lesser extent [499]), such that variations in thalamic input across the cortex could underpin resting-state
homotopic coupling [500]. We found that primary sensory and motor cortices exhibited the strongest HoFC,
and that regional HoFC magnitude is positively associated with bilateral thalamic FC, potentially suggesting
that common subcortical drive, particularly from the thalamus, may contribute meaningfully to homotopic
coordination observed in resting-state networks [404]. In support of this interpretation, Markicevic et al. [43]
found that unimodal regions are more sensitive to chemogenetic perturbation of the murine basal ganglia
than transmodal regions, which the authors attribute to fewer overall inputs (which are more dominated by
feedforward subcortical projections) into unimodal regions compared to transmodal areas.

When interpreting the findings in this paper, one should consider potential limitations that collectively
suggest avenues for future investigation. First, while we analyzed two open-access resting-state fMRI
datasets— which have been investigated extensively in previous work (HCP and UCLA Consortium for Neu-
ropsychiatric Phenomics)—future replication with an external dataset(s) is needed to validate the biological
findings we presented here. Moreover, these datasets were collected with different acquisition parame-
ters and preprocessed using different pipelines, and while the agreement between the two was significant
(ρ = 0.62), the dependence of HoFC spatial variation on preprocessing methods should be examined. For
both BOLD fMRI datasets, we used the atlas from Desikan et al. [169], which is defined based on anatom-
ical boundaries and may not be optimally suited for representing aggregate functional activity [3]. While
this atlas was chosen given consistency in nomenclature and topographical position of regions between the
left and right hemispheres relative to the other parcellations included as part of the ENIGMA preprocessed
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dataset [435] (all based on atlases from Schaefer et al. [207]), future investigation with parcellation atlases
tailored specifically for homotopic analysis is warranted [501, 502]. As with any associative brain-map anal-
ysis, we also point out that the resting-state fMRI data were obtained from different individuals compared
to the T1w:T2w, FC PG1, AHBA PC1, and vascular density maps examined herein. Moreover, we exclu-
sively focused on the Pearson correlation coefficient as an index of HoFC, which is specifically sensitive
to linear, synchronous coupling between regions. While the Pearson correlation coefficient is empirically
well-suited to the spatial and temporal scales of resting-state BOLD fMRI [79], future work should examine
the robustness of the cortical HoFC gradient in different imaging modalities (e.g., magnetoencephalogra-
phy [503]) and with other measures that can capture different types of coupling, such as time-lagged and/or
frequency-based connectivity [79, 92]. The present analysis also focused exclusively on resting-state con-
nectivity, though future work is needed to clarify how cortical HoFC evolves, and potentially reorganizes, with
increasing task complexity in healthy participants as well as in the context of neuropsychiatric disorders [51,
404, 407, 504].

6.4 CONCLUSIONS

In this work, we focus on four aspects of homotopic functional architecture that, to the best of our knowledge,
have not been addressed previously: (1) How does regional variation in homotopic connectivity interface
with macroscale gradients of cortical organization that include anatomical hierarchy, functional connectivity,
and vascular innervation? (2) Is the characteristic spatial variation in homotopic connectivity robust be-
tween cohorts and clinical groups, particularly neuropsychiatric disorders? (3) Does homotopic connectivity
relate to a region’s overall strength in the brain-wide functional connectome? and (4) What candidate neu-
roanatomical substrates (e.g., transcriptomic and/or subcortical factors) might support regional variation in
homotopic connectivity in the healthy brain? Our analyses collectively indicate that: (1) the regional gradient
of homotopic connectivity is significantly associated with a fundamental natural axis of macroscale cortical
organization, along with arterial density, though not with properties of physical embedding or structural con-
nectivity; and that (2) this spatial variation is remarkably similar in an independent neuroimaging cohort
that includes SCZ, BP, and ADHD cases, despite heterogeneous disease-associated perturbations. (3)
Homotopic connectivity magnitude is strongly associated with a region’s overall intra- and inter-hemispheric
average strength in the functional connectome at rest. Finally, (4) we identified potential molecular mecha-
nisms of homotopic connectivity related to layer 5 intra-telencephalic pyramidal neuron density and thalamic
connectivity. If confirmed in future studies that incorporate independent validation datasets, these findings
provide important insights into the functional architecture of inter-hemispheric connectivity in health and
disease.
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6.5 METHODS

6.5.1 NEUROIMAGING DATASETS

Resting-state fMRI dataset 1: Human Connectome Project 3T fMRI

The first dataset fMRI dataset included in this study is comprised of N = 207 unrelated participants (N = 83

males, 28.7±3.7 years of age) from the S1200 release of the Human Connectome Project [161], as curated
and preprocessed by the ENIGMA Consortium [435]. We used preprocessed group-averaged functional
connectomes included in the ENIGMA Toolbox [435], as in previous work [436, 505]. Details on both
imaging acquisition and preprocessing are described in Larivière et al. [435] and are briefly summarized as
follows. Resting-state volumes in this dataset were acquired using a gradient-echo, echo planar image (EPI)
sequence with the following parameters: TR/TE = 720/33.1 ms, slice thickness = 2.0 mm, 72 slices, 2.0 mm
isotropic voxels, frames per run = 1,200. All resting-state fMRI data were preprocessed using the ‘minimal
preprocessing’ HCP pipeline [506], which includes corrections for distortion, head motion, and magnetic
field bias; skull removal; and intensity normalization. Noise removal was performed using the FIX software
to regress out head motion, white matter signal, cardiac pulsation, and signal from arterial and large veins.
Corrected fMRI volumes were mapped to MNI152 space and subsequently projected to the cortical surface
using a cortical ribbon-constrained mapping algorithm. Normative FC matrices were generated for each
participant by computing the pairwise Pearson product-moment correlations (R) between resting-state time
series of all cortical regions, setting negative correlation values to zero. To generate a group consensus
FC matrix, Fisher’s R-to-Z transformation was applied as in previous work [410, 421] and then averaged
across all N=207 participants, such that all FC values from this dataset are presented as RZ. We queried
the ’aparc’ parcellation (corresponding to the 68-region parcellation using the atlas from Desikan et al.
[169]) along with 14 subcortical structures using the load_fc_as_one function to obtain thalamocortical
connectivity RZ values.

Resting-state fMRI dataset 2: UCLA Consortium for Neuropsychiatric Phenomics

In order to characterize regional variation in HoFC in the context of neuropsychiatric disorders, we ad-
ditionally included resting-state fMRI data from the open-access University of California at Los Angeles
(UCLA) Consortium for Neuropsychiatric Phenomics (CNP) LA5c Study [261]. This included cognitively
healthy control participants as well as participants diagnosed with schizophrenia (SCZ), attention-deficit
hyperactivity disorder (ADHD), and bipolar I disorder (BP). Details of diagnostic criteria and behavioral
symptoms have been described previously, along with imaging acquisition details [261]. Resting-state vol-
umes in this dataset were acquired using a T2∗-weighted EPI sequence with the following parameters:
TR/TE = 2s/30 ms, slice thickness = 4.0 mm, 34 slices, 4.0 mm isotropic voxels, frames per run = 152. This
resting-state fMRI dataset was preprocessed in previous work [79, 507] as briefly described in the following.
Imaging data were preprocessed using the fmriprep v1.1.1 software [355] and the independent component
analysis-based automatic removal of motion artifacts (ICA–AROMA) pipeline [356]. Additional noise correc-
tion was performed to regress out signal from white matter, cerebrospinal fluid, and global gray matter using
the ICA–AROMA + 2P + GMR method [359, 507, 508]. Quality control analysis based on noise regression
and head motion excluded eight participants from this resting-state fMRI dataset (N=4 control, N=3 SCZ,
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N=1 ADHD). After preprocessing and quality control, resting-state fMRI data were retained for downstream
analysis from a total of N=252 participants: N=116 controls, N=48 SCZ, N=49 BP, and N=39 ADHD. More
information about these quality control measures and the demographic composition of the final participant
cohort is described in Bryant et al. [79]. The 68-region parcellation from Desikan et al. [169] was applied
to extract the noise-corrected 152-length time series per region (corresponding to 304 s), averaging across
all voxels per region. FC matrices were generated for each participant by computing the pairwise Pearson
product-moment correlations (R) between resting-state time series of all cortical region–region pairs. We
note that raw Pearson correlation coefficient values (R) were retained, without Fisher’s transformation or
thresholding, for this dataset. Within each diagnostic group, FC matrices were averaged across participants
to yield one group-average FC matrix per group (i.e., one FC matrix each for control, SCZ, BP, and ADHD
groups).

6.5.2 EXAMINING BRAIN MAPS OF MACROSCALE FUNCTIONAL AND MOLECULAR OR-
GANIZATION

Brain maps of anatomical hierarchy, transcriptomic variation, and functional organization

To quantify multiple facets of macroscale organization across the cortical sheet, we examined three brain
maps from the neuromaps [440] library: T1w:T2w MRI signal (as a proxy for anatomical hierarchy), AHBA
PC1 (as a proxy for cell type density and key transcriptomic variation), and FC PG1 (which orients re-
gions along a principal axis of functional connectivity, from unimodal sensorimotor to higher-order associ-
ation areas). All map information is provided in the neuromaps documentation (https://netneurolab.github.
io/neuromaps/listofmaps.html) and briefly summarized in the following. As a proxy of anatomical hierar-
chy [446], we examined the hcps1200-myelinmap-fsLR-32k map of T1-weighted to T2-weighted (T1w:T2w)
signal, derived from structural MRI obtained from 417 unrelated participants from the HCP S1200 re-
lease [161, 445]. We additionally queried the abagen-genepc1-fsaverage-10k map capturing the first prin-
cipal component (PC) of gene expression in the Allen Human Brain Atlas [441], as computed in Markello
et al. [509] to capture the axis of maximal spatial variation in the cortical transcriptome. Lastly, we queried
the margulies2016-fcgradient01-fsLR-32k map, which quantifies the first principal gradient (PG1) of func-
tional connectivity (FC) from Margulies et al. [414]. Each map was parcellated into the 68-region atlas from
Desikan et al. [169] using the Parcellator class method, and the average value was computed between
hemispheres for each homotopic region pair (e.g., for the cuneus T1w:T2w ratio, the average was computed
between the left and right cuneus).

Structural architecture brain maps

We examined two aspects of structural architecture in the cortex: anatomical connectivity and Euclidean
distance between homotopic region–region pairs. For anatomical connectivity, we used the group-averaged
structural connectome from the same N=207 HCP participants as the fMRI dataset, preprocessed and
included in the ENIGMA Toolbox [435]. Details on both diffusion-weighted imaging (DWI) acquisition and
preprocessing are described in Larivière et al. [435], and are briefly summarized as follows. DWI volumes
were acquired using a spin-echo EPI sequence with the following parameters: TR/TE = 5.52s s/89.5 ms,
1.25 mm isotropic voxels, b-values=1,000/2,000/3,000 s/mm2, 270 diffusion directions, 18 b0 images. As
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part of the HCP ‘minimal preprocessing’ pipeline [506], b0 intensity normalization was applied along with
correction for susceptibility distortion, eddy currents, and head motion. Structural connectivity matrices
were generated per participant using MRtrix [510] and whole-brain streamlines were reconstructed using
the SIFT2 (spherical-deconvolution informed filtering of tractograms) pipeline [511]. A group consensus
structural connectome was derived using a distance-dependent thresholding procedure [461] with log10
transformation to reduce variance, yielding a structural connectivity matrix with log-transformed number of
streamlines (i.e., fiber density). Streamline counts for region–region pairs in which streamlines were not
reliably detected across individuals (after adjusting for length) were set to zero after log-transforming the
other streamline counts. We queried the ‘aparc’ parcellation (corresponding to the 68-region parcellation
using the atlas from Desikan et al. [169]) using the load_sc function. For our robustness analysis presented
in Fig. S2, we analyzed diffusion-weighted MRI data from a subset (N=100) of the individuals in the main
analysis, as preprocessed separately (though with a very similar pipeline) and described in Fallon et al.
[167]. After reconstructing individual-level structural connectomes, the mean streamline count per edge
(i.e., region–region pair) was computed, without any thresholding. As with the main analysis, we applied a
log10 transformation to reduce variance, yielding an unthresholded group structural connectivity matrix with
log-transformed number of streamlines. Streamline counts of zero, or less than 1 (i.e., negative after log10
transformation), were set to zero after log-transforming the other streamline counts.

To compute the physical distance between each homotopic region–region pair, we identified the centroid
vertex (from the pial surface) of each cortical region in the fsaverage template space from FreeSurfer. We
then calculated the Euclidean distance between the centroid vertices in the left and right hemisphere per
region, respectively, using the cdist function from the scipy package (version 1.13.1) [512] in Python. Since
coordinates in the pial surface files per hemisphere (lh.pial and rh.pial, respectively) are represented in
millimeters (mm), the resulting Euclidean distances reflect the mm between each homotopic region–region
pair.

Vascular innervation brain maps

We examined two aspects of vascular innervation in the cortex: arterial density and venous density. For
both properties, we queried brain maps published in Bernier et al. [460], where the details of imaging ac-
quisition and preprocessing can be found. Briefly, arteries were imaged using time-of-flight angiography
(ToF) and veins with susceptibility weighted imaging (SWI), respectively, in a cohort of N=42 healthy indi-
viduals (aged 20-31). Arterial and venous density maps were derived from the ToF and SWI maps using a
multi-scale Frangi diffusive filter (MSFDF) pipeline [513] which includes denoising, vessel voxel classifica-
tion, and multiscale vessel enhancement. Vessel centerlines and diameters were extracted and nonlinearly
aligned to MNI T1 (0.5mm) space. In order to minimize contamination of the venous tree by arterial signal
in SWI, any voxels overlapping with those identified in ToF volumes were excluded. Vascular density maps
were computed for gray matter, white matter, and cerebrospinal fluid (CSF) based on voxel-wise vessel seg-
mentation. This yielded voxelwise maps of arterial and venous density, with values ranging from 1-100 that
indicate the vessel probability in the corresponding voxel. The 68-region volumetric atlas from Desikan et al.
[169] was applied to these voxelwise maps to extract the average arterial and venous density per region,
respectively. The average value was computed between hemispheres for each homotopic region pair (e.g.,
for the cuneus arterial density, the average density was computed between the left and right cuneus).
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Transcriptomic brain maps

In order to characterize key molecular correlates of regional HoFC variation, we examined the expression
of two layer 5 pyramidal neuron markers: CTIP2 (BCL11B) and SATB2. We queried these two genes
from postmortem microarray data (averaged across all donors) provided by the Allen Human Brain Atlas
(AHBA) [441] using the abagen python package (version 0.1.3) [509, 514]. Expression values were sum-
marized per cortical region using the 68-region parcellation from Desikan et al. [169] and then averaged
between hemispheres for each homotopic region pair (e.g., for the cuneus CTIP2 expression, the average
expression was computed between the left and right cuneus).

Thalamic connectivity brain map

Lastly, we characterized the spatial variation in functional coupling between each cortical region and the tha-
lamus. We additionally queried the full cortical and subcortical group consensus FC matrix provided by the
ENIGMA consortium, which was preprocessed with the same steps as described above in Sec. 6.5.1. For
each cortical region, we computed the average z-scored Pearson correlation (RZ) across four connections—
two intra-hemispheric and two inter-hemispheric—using the cuneus as an example: (1) left cuneus and left
thalamus; (2) right cuneus and right thalamus; (3) left cuneus and right thalamus; and (4) right cuneus and
left thalamus. This enabled comparison of the extent to which each cortical region (out of 34) is functionally
coupled with the thalamus on average at the group-consensus level.

6.5.3 STATISTICAL ANALYSES

Brain map comparison with homotopic connectivity gradient

We obtained regional homotopic functional connectivity (HoFC) estimates from the group-averaged func-
tional connectomes from the HCP and UCLA CNP datasets as the correlation between the left and right
homologs of each region. To compare the spatial variation in HoFC with different brain maps of macroscopic
cortical organization, we computed the Spearman rank correlation (ρ) with the spearmanr function from the
scipy package [512], comparing across a total of 34 regions. In order to evaluate the statistical significance
of correlation estimates while accounting for spatial autocorrelation along the cortical sheet, we performed
a single-hemisphere spin test with 10,000 permutations using the method of Alexander-Bloch et al. [442].
This method, implemented with the nulls.alexander_bloch function in neuromaps, rotates one map (e.g.,
the T1w:T2w map) along the spherical surface of a single hemisphere, which preserves spatial contiguity
while disrupting the spatial alignment between the two compared maps. For each permutation, the Spear-
man correlation is computed between the permuted and original map (here, the HoFC gradient is always
the original map), which collectively yields a null distribution. The resulting p-value reflects the proportion of
permutations (out of 10,000) with null ρ values equal to or greater in magnitude than the observed empirical
correlation, ρ.

Functional network topology quantification

We examined regional HoFC variation within large-scale functional network topology based on the sym-
metric 68-region cortical FC matrix provided by the ENIGMA consortium. Left and right hemisphere region
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labels were collapsed to form a common ‘base region’ name (e.g., consolidating ‘lh-entorhinal’ and ‘rh-
entorhinal’ down to ‘entorhinal’). Each connection was labeled as ‘homotopic’ (same region across hemi-
spheres), ‘intra-hemispheric’ (different regions within the same hemisphere), or ‘inter-hemispheric’ (different
regions in different hemispheres; sometimes referred to as ‘heterotopic’) based on anatomical pairing. As
depicted schematically in Fig. 6.2.3A, we distilled the original group FC matrix down to a 34×34 matrix in
which homotopic connections occupy the diagonal, intra-hemispheric connections populate the lower trian-
gle, and inter-hemispheric connections comprise the upper triangle. Regions were ordered in both rows
and columns according to their HoFC magnitude, ranked from highest to lowest. In order to summarize the
average node strength, we computed the mean of the z-scored FC values (RZ) between a given region and
all 33 other regions in the same hemisphere (for intra-hemispheric connectivity) or the opposite hemisphere
(for inter-hemispheric connectivity).

6.5.4 DATA VISUALIZATION

All cortical brain maps were created using the ggseg package (version 1.6.6) in R [386]. Scatterplots and
heatmaps were generated using the ggplot2 package [515] (version 3.5.1) and violin plots with the see
package [516] (version 0.11.0), both in R.

6.5.5 CODE AND DATA AVAILABILITY

All code needed to replicate the analyses and visualizations presented in this paper is openly available on
GitHub at https://github.com/DynamicsAndNeuralSystems/Homotopic_FC_HCP/. All data included in this
paper is openly available for researchers to access. Preprocessed functional and structural connectivity
matrices (derived from HCP data, which is openly available [161]) are included as part of the ENIGMA
toolbox at https://enigma-toolbox.readthedocs.io/en/latest/pages/05.HCP/ [435]. Resting-state fMRI data
from the UCLA CNP study are available for download at OpenNeuro with accession number ds000030
(https://openfmri.org/dataset/ds000030/). All brain maps are included as part of the neuromaps Python
package [440] unless otherwise stated; for example, the vascular innervation maps [460] are available for
download from the Braincharter GitHub repository at https://github.com/braincharter/vasculature/releases/
tag/Atlas_v1.0. AHBA microarray transcriptomic data can be downloaded directly from the Allen Institute
(https://human.brain-map.org/) or via the abagen Python library [509, 514].

ACKNOWLEDGMENTS

We thank A/Prof Joseph T. Lizier, Joshua M. Tan, Dr Giulia Baracchini, Dr Jayson Jenganathan, and Dr
Isabella Orlando for insightful discussions that were very helpful in shaping this project. We also thank the
Human Connectome Project and UCLA CNP Project, and their respective participants, for openly sharing
this excellent data resource. We also thank the ENIGMA Consortium for openly sharing the preprocessed
structural and functional HCP connectomes as part of their toolbox, as well as the Network Neuroscience
Lab at the Montreal Neurological Institute for sharing the neuromaps toolbox and the many curated brain-
maps contained therein. High-performance computing facilities provided by the School of Physics at The
University of Sydney supported analyses and results presented here.

121

https://github.com/DynamicsAndNeuralSystems/Homotopic_FC_HCP/
https://enigma-toolbox.readthedocs.io/en/latest/pages/05.HCP/
https://openfmri.org/dataset/ds000030/
https://github.com/braincharter/vasculature/releases/tag/Atlas_v1.0
https://github.com/braincharter/vasculature/releases/tag/Atlas_v1.0
https://human.brain-map.org/


7
Benchmarking overlapping community

detection methods for applications in
human connectomics

I don’t need a judge to tell me to keep my community clean.
Ryan Howard, The Office, Season 5 Episode 1

The brain exhibits a spatially distributed and fluid network of complex interactions, yet analysis of this land-
scape is typically constrained to methods that provide a static, non-overlapping modular decomposition.
Specifically, we focus here on ‘communities’ in the structural connectome, comprised of subnetworks that
are more densely connected to each other than to the rest of the brain. Amidst a growing repertoire of
overlapping community detection algorithms (OCDAs) that allow regions to flexibly participate in more than
one community, only a handful of studies have explored overlapping brain network decompositions, gener-
ally using a manually selected algorithm. This leaves open the possibility that the chosen OCDA may not
be the most appropriate for the empirical network at hand, since each OCDA makes different assumptions
about how communities and overlapping nodes are defined. Bridging this gap to efficiently capture and
interpret this overlapping community structure in the brain is vital to advance our knowledge of how the
brain integrates information across distributed networks.

In this chapter, we extend the distributed network analysis introduced in Chapter 6 to develop the first data-
driven comparative method for selecting an OCDA, tailored to a given empirical network. Applying this
pipeline to the right-hemisphere structural connectome of the human cerebral cortex, we demonstrate how
identifying an optimally suited OCDA uncovers unique biological insights into the brain’s complex community
architecture, positioning overlapping nodes at the apex of the cortical hierarchy. Our findings highlight that
the top-performing OCDA uncovers rich overlapping patterns of connectivity, with derived network proper-
ties that correlate with the principal gradient of functional activity (as analyzed in Chapter 6)—patterns that
are obfuscated by a comparable traditional hard partition algorithm. Findings from this work underscore the
importance of uncovering meaningful overlapping network partitions that better capture how the brain bal-
ances functional integration and segregation on a static backbone of structural connectivity. More broadly,
the comprehensive methodology to select from a range of OCDAs, provided in open-source code for wide
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accessibility, and the biological insights themselves imbue a new perspective on network structure that is
highly relevant to researchers across the intersection of brain structure, function, and network topology.

This chapter is published as: Bryant, A. G.∗, Jha, A.∗, Agarwal, A., Cahill, P., Lam, B., Oldham, S.,
Arnatkevic̆iūtė, A., Fornito, A., & Fulcher, B. D. Benchmarking overlapping community detection methods for
applications in human connectomics. Network Neuroscience, 1-58, doi: https://doi.org/10.1162/netn.a.39.
∗ indicates co-first authorship.
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Abstract
Brain networks exhibit non-trivial modular organization, with groups of densely connected areas participat-
ing in specialized functions. Traditional community detection algorithms assign each node to one module,
but this representation cannot capture integrative, multi-functional nodes that span multiple communities.
Despite the increasing availability of overlapping community detection algorithms (OCDAs) to capture such
integrative nodes, there is no objective procedure for selecting the most appropriate method and its parame-
ters for a given problem. Here we overcome this limitation by introducing a data-driven method for selecting
an OCDA and its parameters from performance on a tailored ensemble of generated benchmark networks,
assessing 22 unique algorithms and parameter settings. Applied to the human right-hemisphere structural
connectome, we find that the ‘Order Statistics Local Optimization Method’ (OSLOM) best identifies ground-
truth overlapping structure in the benchmark ensemble and yields a seven-network decomposition of the
right-hemisphere cortex. These modules are bridged by fifteen overlapping regions that generally sit at the
apex of the putative cortical hierarchy—suggesting integrative, higher-order function—with network partic-
ipation increasing along the cortical hierarchy, a finding not supported using a non-overlapping modular
decomposition. This data-driven approach to selecting OCDAs is applicable across domains, opening new
avenues to detecting and quantifying informative structures in complex real-world networks.

7.1 INTRODUCTION

The complex web of structural connections between brain areas can be represented as a network of nodes
(brain regions) and edges (axonal connections) [55, 56]. This representation allows us to quantify and
understand properties of the brain’s network structure, like its organization into densely interconnected
modules. Connectome modules often correspond to segregated groups of brain regions with distinct, func-
tionally specialized roles [57, 62], wherein highly connected hub nodes are thought to play an integrative
role in communicating diverse information between them [517]. Accurately delineating network modules is
an essential step in understanding the brain’s modular organization. The community detection algorithms
that have most commonly been used to study brain network modules have assumed a hard partition of
nodes into mutually exclusive communities; i.e., each node is assigned to a single community. This non-
overlapping modular decomposition can be represented as a discrete categorical label that captures each
node’s modular affiliation [518].

Applications of community detection to brain networks have ranged from the structural network of indi-
vidual neurons in C. elegans [519] and Drosophila [520], to the mesoscopic axonal connections in the
mouse [521–523], non-human primate [524], and human [525–527], where inferred network modules align
with broad specializations of cognitive function [528]. While these studies support a conceptual model of
the brain in which segregated groups of nodes process specialized types of information, non-overlapping
partitions present limitations that may yield unintended consequences for inferring network-wide modular
organization—for example, collapsing two modules bridged by one or more overlapping nodes into a single
module. Indeed, transmodal cortical association areas are defined by their flexible multifaceted functions,
and might therefore be more accurately affiliated with multiple modules. A representation that allows nodes
to belong to multiple communities may thus provide a more complete picture of the brain’s structural and
functional organization [69, 70].

124



Chapter 7 Annie Gilmore Bryant

Overlapping community detection algorithms (OCDAs) decompose the network into a fixed number of mod-
ules, as non-overlapping methods do, but with the additional freedom of allowing each node to belong
to multiple communities. A wide range of such methods have been developed [529–534], which may of-
fer a more organic method to characterize the brain’s spatially distributed and fluid network of complex
interactions with an overlapping modular architecture. For example, Wu et al. [535] applied the clique
percolation method [536] to identify five communities based on gray-matter volume correlations, revealing
overlap among well-known functional systems, such as decision-making and emotional processing. Other
studies have characterized the hierarchical network architecture of the mouse [537] and macaque [538]
structural connectome with algorithms that allow overlapping community assignment, though the overlap
itself was an auxiliary point in both studies. By contrast, considerably more work has focused on overlap
among functional networks, evaluating functional magnetic resonance imaging (fMRI) [69, 539–547] and/or
calcium imaging [70] with a given OCDA to characterize overlapping community structure in functional net-
works. Collectively, findings from these studies converge on the view that brain areas spanning multiple
structural and/or functional modules enable inter-network communication (‘integration’) that still preserves
intra-module specialization (‘segregation’)—highlighting how OCDAs offer nuanced information about the
rich overlapping patterns in brain community structure that is obfuscated by hard partitions. Moreover, as
explored in Bijsterbosch et al. [546], an overlapping node may play a non-stationary role, communicating ex-
clusively with one region at a time or consistently serving as a fully integrative bridging node that facilitates
information transfer across functionally specialized systems.

Each of these applications of overlapping community detection to neuroimaging data began with a subjec-
tive selection of the OCDA from a range of possible alternatives—without clear evidence of the superiority
of one approach over the other for the problem at hand. This speaks to a general challenge in apply-
ing community-detection algorithms: each algorithm makes different assumptions about how modules and
overlapping nodes (which are members of multiple communities) are defined. We know that applying an
OCDA to a network will always produce a result, and that differences in the assumptions between OCDAs
yield different assignments of nodes to communities. This multitude of choices for an OCDA algorithm
and its parameters thus raises the question: How can we determine which OCDAs may exhibit the most
accurate and informative decomposition of a given real-world network?

No single algorithm can perform optimally on all possible data (cf. the ‘no-free-lunch’ theorem [93]); stated
in the present context, no community detection method can work well on all networks [94, 95]. Smith et
al. [548] developed a ‘Question-Alignment’ approach that tailors the optimal community-detection method
based on hypothesized community properties, but this requires a priori predictions about community struc-
ture without a quantitative benchmark for comparison. Other previous work has benchmarked OCDA perfor-
mance on typically very large synthetic networks (> 1000 nodes) and/or relatively small empirical networks
separately [534, 549–554], though algorithmic performance is largely dependent on network topology. As
a result, it is difficult to reliably extrapolate previous benchmark comparisons to a network with different
characteristics—size, sparsity, topology—such as the brain’s structural connectome. Rather than selecting
an OCDA subjectively or from a benchmark study that may not generalize to a new complex network type,
we need a way to objectively tailor our choice of algorithm to the structure of a given network at hand.

We address this challenge by developing a flexible method for the data-driven selection of an OCDA for
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We address this challenge by developing a flexible method for the data-driven selection of an OCDA for
a given empirical network. Here, we focus specifically on the right-hemisphere structural connectome as
our target empirical network, with the goal of narrowing down the optimal OCDA and its parameters with
which to identify overlapping community structures and interpret their biological significance. Our approach
first generates an ensemble of synthetic benchmark networks with properties derived directly from the
target empirical network—the diffusion MRI-derived structural connectome of the right hemisphere from
the Human Connectome Project (HCP) [555]—with known ‘ground-truth’ overlapping community assign-
ments, and then compares the performance of a range of OCDAs on these networks. After identifying the
top-performing algorithm across the benchmark network ensemble, we then analyze and interpret the re-
sulting overlapping modular decomposition in the context of brain network structure and function. To our
knowledge, this is the first work to comprehensively examine overlapping communities in the human brain’s
structural connectome using diffusion MRI data. In total, we introduce a novel approach to tailoring OCDA
methods to a given real-world network and systematically quantify the overlapping community structure of
diverse complex systems.

7.2 METHODS

Given an empirical network, our goal is to systematically evaluate candidate OCDAs to identify a top-
performing candidate for inferring that network’s overlapping community structure. We propose a data-
driven approach with two main steps, as depicted schematically in Fig. 7.2.1: (i) benchmark calibration; and
(ii) performance evaluation. First, we generate an ensemble of benchmark networks that mimic commu-
nity structure properties of the empirical network and contain ground-truth module assignments of nodes.
Second, for each generated benchmark network in the ensemble, we quantify how well each OCDA iden-
tifies the ground-truth overlapping community structure. This highlights algorithms with strong overall per-
formance on the benchmarks, which are then judged to most accurately uncover overlapping community
structure—yielding OCDA(s) tailored to the target network.

126



Chapter 7 Annie Gilmore Bryant

Figure 7.2.1: A data-driven method for tailoring overlapping community-detection algorithms (OCDAs) to
empirical networks. A. An empirical network is shown as an adjacency matrix. B. We use a generative network
model [556] to generate an ensemble of networks with known overlapping community assignments, constrained by
the properties of the empirical network. C. We assess the ability of each OCDA (and parameters) to reproduce
the ground-truth overlapping community structure of each synthetic network. Here, we compare five OCDAs: clique
percolation [531, 536, 557], non-negative matrix factorization (NNMF), [529], speaker-listener propagation algorithm
(SLPA) [532], order statistics local optimization method (OSLOM) [530], and Infomap [558, 559], across 22 parame-
ter variations, quantitatively evaluating their ability to reproduce the known community assignments using Extended
Normalized Mutual Information (ENMI). Algorithms with high ENMI across the ensemble are judged to be most ap-
propriate to infer overlapping community structure in the empirical network. D. The top-performing OCDA identified
in C is applied to infer the overlapping community architecture in the empirical network introduced in A. This fig-
ure includes images provided under CC BY 2.0 by NICHD NIH (flickr.com/ photos/ nichd/ 16672073333) and CC0 by
Wikimedia Commons (https:// commons.wikimedia.org/ wiki/ File:Illustration_of_overlapping_communities.svg, https:
// upload.wikimedia.org/ wikipedia/ commons/ a/ a6/ Trophy_Flat_Icon.svg).

7.2.1 PREPROCESSING STRUCTURAL CONNECTOME DATA

For our target empirical network, we apply the systematic OCDA selection method to structural connectome
data collected from 973 participants from the Human Connectome Project (HCP) [555]—comprising a sub-
set with complete diffusion MRI data from the broader S1200 release [560]. All participants were healthy
and aged between 22 and 35 years and provided written informed consent; ethics was approved by the
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Institutional Review Board of Washington University in St Louis [555]. Structural magnetic resonance imag-
ing (MRI) data was acquired using a 3T Siemens Skyra scanner with a customized head coil (100 mT/m
maximum gradient strength and a 32-channel head coil) located at Washington University in St. Louis,
Missouri. Diffusion-weighted images were acquired using a spin-echo echo planar imaging sequence and
processed according to the HCP Diffusion pipeline [506], with additional preprocessing using MRtrix3 [510,
561] and the FMRIB Software Library [361]. Tractography was conducted in each participant’s structural MRI
(T1) space using second-order integration over fibre orientation distributions (iFOD2), a probabilistic algo-
rithm that improves the quality of tract reconstruction in both highly curved and crossing fibre regions [562].
Anatomically Constrained Tractography (ACT) and Spherically Informed Filtering of Tractograms (SIFT-2)
were applied to the tractography data [563] to further improve the biological accuracy of these structural
networks. The cortex was parcellated using the 360-region HCP-MMP1 atlas from Glasser et al. [564],
comprising 180 cortical regions per hemisphere.

While there is empirical evidence that the probability for a connection between two regions exponentially
decreases with the inter-region distance [451], the ‘distance bias’ in diffusion preprocessing can further
decrease this probability—arising in part from the fact that reconstructing longer tracts introduces more
steps for algorithmic errors [56, 565, 566]. Given these methodological limitations, we focused on intra-
hemispheric connections within a single hemisphere. This allowed us to investigate connectivity properties
within a single contiguous and relatively well-reconstructed cortical sheet, while avoiding analyzing inter-
hemispheric connections with poor reliability. This choice is a common one among many studies in structural
connectomics [28, 567–570]. After confirming that the left and right hemispheres exhibit highly similar
edge degree, strength, and variance distributions (cf. Fig. S1)1, we selected the right hemisphere for our
analysis, focusing on intra-hemispheric connectivity between the 180 right-hemisphere regions in the HCP-
MMP1 atlas from Glasser et al. [564]. Moreover, as many studies that have performed (non-overlapping)
community detection on whole-brain structural networks report bilaterally symmetric solutions [571–574],
we believe the inclusion of the left hemisphere would be unlikely to alter the relative performance trends we
observe across algorithms.

We constructed a representative group-level connectome from the individual-level data using a thresholding
approach, which is common practice to minimize contributions of spurious connections [56, 575] that are
typical in diffusion MRI [565, 576]. While sparsification of the starting empirical network is not explicitly
required for the benchmark network simulation algorithm of Lancichinetti and Fortunato [556], filtering out
noisier edges can improve estimation of parameters used in the algorithm (for example, community size
distributions and the mixing parameter, µ). We implemented the consensus-based thresholding approach
from [577], retaining only the edges that ranked in the lowest 15% for coefficient of variation (CV) in strength
across the entire cohort (N=973). This method retains the most stable edge weights across the entire sam-
ple, with edges failing to meet this cutoff threshold set to zero. Of note, one node—13l, in the orbitofrontal
cortex—exhibited highly variable edge weights (all with CV of 0.3 or higher), and had a total degree of
zero (after applying the 0.15 threshold-based consensus). To prioritize consistency in edge weights for
community detection, we thus excluded region 13l from our analysis. In this group-level connectome, edge
weights correspond to the thresholded average number of streamlines between the two regions terminating

1Supplementary figures are included in in Appendix 6.
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within a 5 mm radius of each other. Due to the range in streamline count magnitudes across edges, which
spanned multiple orders of magnitude, we log-transformed the right-hemisphere edge weights between
region–region pairs before further analysis.

7.2.2 GENERATING BENCHMARK NETWORKS

Once we have an empirical network as a starting point (i.e., the preprocessed consensus right-hemisphere
structural connectome in this case), the first step in our comparative method involves generating an en-
semble of benchmark networks with ground-truth overlapping community assignments, as depicted in
Fig. 7.2.1B. For the subsequent inference to be informative, these generated benchmark networks should
have properties as similar as possible to the empirical network. Here, we focus on weighted, undirected
networks (corresponding to our intended application of structural brain networks, such as those estimated
using diffusion-weighted imaging [578]). We use the stochastic network generation algorithm of Lanci-
chinetti and Fortunato [556] which—for a given set of parameters that constrain the structural properties of
the generated benchmarks—produces weighted networks with overlapping community assignments. Our
ability to tune the benchmark networks to match the properties of the target empirical network is controlled
by the algorithm parameters, which we describe briefly in following.

Across a given number of nodes, N , Lancichinetti and Fortunato [556] benchmark networks are assumed
to have a power-law degree distribution, pk ∼ k−τ1 , with average degree, ⟨k⟩, and maximum degree, kmax.
Community sizes are sampled from a power-law distribution with exponent τ2, with a specific minimum and
maximum community count along with a set number of overlapping nodes, On. Edge weights are assigned
under the constraint of a power-law relationship between degree, k, and strength, s, of network nodes,
s = kβ, determined by the parameter β. The extent to which a node’s connections (and their weights) are
contained within its own communities (or spread across other communities) is controlled through two mixing
parameters: (i) µt, the average fraction of a node’s edges that are external to the communities it belongs to;
and (ii) µw, the average fraction of a node’s aggregate edge weights external to the communities to which
it belongs. Given these parameters, benchmark networks are generated by forming links between nodes
within and outside their assigned communities across iterative network rewirings.

To generate benchmark networks with properties that match the empirical network as closely as possible,
we require a systematic method to fit the generative parameters of the Lancichinetti and Fortunato [556]
algorithm. Some parameters that control the basic connectivity properties of the network (N , ⟨k⟩ and kmax)
were computed directly from the empirical network or—in the case of τ1 and β—were estimated from power-
law fitting algorithms [579]. Other parameters governing the community structure (e.g., number and size
of communities and overlapping nodes) cannot be inferred from the network but instead require subjective
judgment about the type and resolution of community structure that is most appropriate for the application
of interest. In the absence of ground truth parameter values grounded in clear domain knowledge (or other
priors on the community structure), we sampled these parameters from uniform distributions across rea-
sonable ranges. Specifically, we allowed communities to take any size (from 1–N nodes), and sampled the
power-law distribution exponent, τ2 ∼ U(2, 4), and the number of overlapping nodes, On ∼ U(0.1N, 0.2N),
from uniform distributions. To ensure that connectivity was predominantly within communities, mixing pa-
rameters were sampled in ranges: µt ∼ U(0.2, 0.4), and µw ∼ U(0.2, 0.4). Using this combination of fixed
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parameters estimated from the network, (N, ⟨k⟩, kmax, τ1, β), and randomly sampled parameters represent-
ing reasonable ranges of the overlapping modular structure of interest, (τ2, On, µt, µw), we generated an
ensemble of 1,000 benchmark networks, each resulting from a sampled parameter vector.

The Lancichinetti and Fortunato [556] generative network model makes assumptions about the data that
may not hold in all cases; for example, the power-law form of degree distribution that this model assumes
will not always be a good representation of real network data. As alternative models are developed in the
future that can better fit the key structural properties of a real network, these could be substituted into this
benchmark generation step to improve the representativeness of the simulated benchmark networks to the
real network data.

7.2.3 OVERLAPPING COMMUNITY DETECTION ALGORITHMS

Once we have generated an ensemble of benchmarks that resemble the empirical network (Fig. 7.2.1B), we
next compare the performance of OCDAs in reproducing the known community structure (Fig. 7.2.1C). Here
we investigated five different OCDAs, each with various parameter options and delineated briefly below.

Clique Percolation [531, 557] generates overlapping communities by clustering a maximal clique network,
and then projecting this hard partition of maximal cliques back to an overlapping partition of nodes. We
used the algorithmic implementation of clique percolation developed in Shen et al. [536], which introduces a
‘quality of network coverage’ measure (Qc) that is optimized based on the maximal clique view. Specifically,
a clique is a complete subgraph, and maximal cliques are not subgraphs of any other cliques in a graph.
The method first generates a new network, G′, in which each node is the maximal clique of the original
network, G, and then computes a hard partition of this new network. As some nodes may be members
of multiple cliques, this yields overlapping community assignments in the original network; importantly, the
implementation in Shen et al. [536] ensures that all nodes are assigned to at least one clique such that
there are no isolated nodes, which is a departure from the original method in Derényi et al. [557] and
the subsequent extension to incorporate weighted edges in Farkas et al. [580]. The algorithm includes a
parameter, k, that sets the minimum size of maximal cliques to be mapped in the new network, G′. Here we
compare seven possible values of this clique size parameter, k = 3, 4, ..., 9, labeling the resulting algorithms,
correspondingly, as: Clique_3, ..., Clique_9.

Non-Negative Matrix Factorization (NNMF) [529] uses a Bayesian non-negative matrix factorization model
to assign a participation score to each node for each community, which is based on the interaction between
that node with other members of the community. NNMF assigns every node a soft membership distribution
across communities that can be interpreted as a membership probability of each node to each commu-
nity. Specifically, we row-normalized the non-negative matrix W from the NNMF decomposition X ≈ WH,
yielding the matrix P , where the probability of node i participating in community k is given as

Pik =
Wik∑i

k′=1Wik′
. (7.1)

To convert this set of continuous community membership probabilities into a set of discrete labels defining
the set of community memberships for a given node, we applied a threshold, pth. That is, the node i is
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considered a member of community k if its community membership probability Pik ≥ pth. We compared four
thresholds, p = 0.1, 0.2, 0.3, 0.4, and labeled the resulting algorithms as: NNMF_10, NNMF_20, NNMF_30, and
NNMF_40, respectively. While the theoretical space of solutions in NNMF is non-unique, the combination of
row-normalization and Bayesian regularization in the method from Psorakis et al. [529] promotes consistent
and interpretable membership distributions across networks.

Order Statistics Local Optimization Method (OSLOM) [530] is a local method that attempts to find and modify
the statistical significance of clusters relative to a global null model in which there is no community structure
(the configuration model [581]) by adding/removing neighboring nodes. Thus, OSLOM yields clusters that
are statistically unlikely to be found in an equivalent random graph with the same degree sequence; the set
of individual clusters found in a network may overlap. In adjusting the significance level, P , from which to
assess whether to make local changes to a cluster, the resulting size of clusters is changed (low values of P
yield fewer, larger clusters). We compared a range of ten values P = 0.1, 0.2, ..., 1.0, denoted as OSLOM_10,
OSLOM_20, ..., OSLOM_100, respectively.

Speaker-Listener Label Propagation Algorithm (SLPA) [532] is an extension of the Label Propagation Algo-
rithm (LPA) to the overlapping setting. In LPA, the community assignments of individual nodes are updated
iteratively based on the majority label possessed by its immediate neighbors [582]. In the overlapping gener-
alization, SLPA, nodes are not forced to take a single label, but can hold the memory of previously observed
labels; the more frequently a node has observed a node label, the more likely it is to then propagate it to
its neighbors. After some maximum number of iterations of label propagation, nodes are assigned to com-
munities based on the most frequently observed labels in their memories. Once communities are identified,
SLPA removes labels observed less than the fraction r; while r values in the range 0.01 to 0.45 have been
used previously [583–586], here we set r = 0.09 as it sat within the range of thresholds yielding convergent
results in the original SLPA publication [532]. Xie et al. [532] note that the set threshold is exclusively for
post-processing (i.e., refining communities after they have been defined), such that the SLPA dynamics are
determined solely by network topology and employed interaction rules. We denote this method as SLPA.

Infomap [558, 559, 587] is an information-theoretic method operating under the principle that network com-
munities can be identified by compressing the description of the probability flow of random walks. It solves
the map equation, which quantifies the description length of a random walker’s trajectory through the net-
work, by balancing the information required to describe movements between communities and that needed
to move within communities. Infomap involves construction of a ‘codebook’, meaning a set of labels (or
‘codes’) assigned to different parts of the network that efficiently capture the trajectories of the random
walker within the network. This method was extended to capture overlapping nodes using a generalized
map equation that allows these codebooks to allow multiple modules assigned toa single node [587]. We
denote this algorithm as Infomap.

In our benchmark comparison procedure, outlined in the following sections, the five OCDA methods and
corresponding parameter combinations yielded a total of 22 specific OCDA algorithms to evaluate. One
important distinction between OCDA types rests on their treatment of edge weights. Some algorithms,
such as Clique Percolation and SLPA, require the input network to be binarized—effectively representing
the network as a topology of connections, without consideration of connection strengths. This binarization
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can result in a loss of information for a network where edge weights carry meaningful structural and/or
functional significance [588], as in brain connectivity data. On the other hand, algorithms like OSLOM,
NNMF, and Infomap are inherently designed to incorporate the graded structure of edge weights directly
into the process of community detection. This methodological divergence has important implications for
benchmarking, such that comparing outputs from binarized versus weighting-sensitive algorithms requires
careful consideration of how (and if so, the extent to which) the usage of edge weights might affect algorithm
performance. We chose to include both types of algorithms in our analysis for a representative cross-section
of common OCDAs used across disciplines. To bolster comparability, we opted for implementations with
only one (if any) user-defined parameter to systematically vary such that all other conditions are fixed per
algorithm. While edge-weight sensitivity may confer a potential advantage in networks with informative edge
weight distributions, our goal is to compare all methods under conditions matched as closely as possible
(manipulating only the key parameter per algorithm; e.g., k in Clique Percolation) to isolate algorithm-
specific differences in overlapping community detection performance.

7.2.4 PERFORMANCE EVALUATION

After applying each OCDA to infer the overlapping community structure in each benchmark network, we
next assessed how well each algorithm reproduces the ground-truth overlapping community assignment,
as depicted in Fig. 7.2.1C. Quantifying the relative performance of OCDAs is challenging, though several
measures have been developed to capture different aspects of the goodness-of-fit relative to a ground-truth
community decomposition for a synthetic benchmark network (or ensemble of networks, in our case). Here
we used extended normalized mutual information (ENMI) to quantify the overall similarity of two overlapping
community assignments. ENMI is an extension of normalized mutual information (NMI), which was intro-
duced in Danon et al. [589] (and further discussed in Newman et al. [590]). Normalized mutual information
is defined as

Inorm(X;Y ) =
I(X;Y )

[H(X) +H(Y )]/2
, (7.2)

where I(X;Y ) is the mutual information [147] between the random variables X and Y . NMI captures
the amount of information shared between X and Y , quantified as the reduction in uncertainty in X while
observing Y (and vice-versa; this is a symmetric measure). For a non-overlapping community assignment,
X and Y for a given node i are coded as integers, i.e., xi = 1, 2, . . . , |CX |, up to the total number of
communities in the first partition |CX |, and similarly for yi.

In the case of an overlapping decomposition, multiple community assignments per node can be captured
using a binary encoding, with (xi)k = 1 if node i is a member of community k, and (xi)k = 0 otherwise.
In this case, for each node i, each community k can then be considered as a random variable, e.g., as
Xk = (X)k, with random variables for all k communities being captured as X. Probabilities P (Xk = 1),
P (Xk = 0), and similarly for Yl, can be estimated from a given overlapping modular decomposition, allowing
information-theoretic computations to be performed on the resulting collections of binary random variables
X and Y. Lancichinetti et al. [591] adapted NMI to apply to this overlapping setting, yielding extended
NMI (ENMI), as outlined in Appendix B of Lancichinetti et al. [591]. ENMI ranges from 0 to 1, and given
our setting of comparing a ground-truth overlapping community assignment X with an algorithm-predicted
assignment Y, a larger ENMI value indicates superior recovery of the underlying overlapping community
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structure in the benchmark network.

ENMI is frequently implemented as a proxy for the goodness of fit with which an algorithm infers the ground-
truth overlapping community structure in a given network [592–596], including the study by Xie et al. [532]
which introduced the SLPA method included in our comparisons. Lancichinetti et al. [591] demonstrated
that ENMI increases monotonically as the community structure becomes more pronounced (based on vary-
ing the mixing parameter in the same generative benchmark network algorithm employed in this study).
Moreover, while it is not straightforward to evaluate the ‘accuracy’ of specific node-to-module assignments
in a label-matched manner across algorithms, ENMI captures the overall match to ground-truth community
structure in a label-invariant manner. Altogether, ENMI is theoretically suitable for the multi-membership
nature of overlapping communities, and its implementation makes it flexible for cases where the algorithm
introduces extra communities beyond the number of ground-truth communities.

OCDAs introduce additional algorithmic complexity and computational burdens beyond those of a non-
overlapping option, like the Louvain method [63], which is the most widely used community-detection
method in network neuroscience [64]. In order to evaluate whether an OCDA better recovers commu-
nity structure in a network with known ground-truth overlaps than a simpler non-overlapping method, we
additionally applied the Louvain (non-overlapping) community detection algorithm to each network in the
benchmark ensemble. This allowed us to compute the ENMI between the resulting Louvain decomposition
and the ground-truth community structure in order to compare if, and by how much, an OCDA improves
community detection in simulated networks resembling the brain’s right-hemisphere cortical connectome.
We then compare the computational runtime for each method across the 1,000 simulated networks in the
benchmark ensemble to evaluate performance–computational burden tradeoffs across the methods (includ-
ing Louvain).

Finally, in order to evaluate how well each OCDA correctly identifies specific overlapping nodes in the bench-
mark ensemble, we compared the sensitivity and specificity for the ground-truth nodes in each network. In
both cases, we binarized all 180 nodes (i.e., regions in the right cortex) according to both the ground-truth
assignments (X), and the algorithm-predicted assignments (Y ); assigning a value of 1 only if that node
belongs to two or more communities. This allowed us to construct a confusion matrix, where ‘positive’
corresponds to overlapping assignment and ‘negative’ corresponds to single-community assignment. We
then computed the sensitivity and specificity for each OCDA and each simulated network in the benchmark
ensemble. These metrics complement the ENMI, which summarizes across all 180 nodes regardless of
overlapping status, to focus specifically on the recovery of ground-truth overlapping node identity. A high
sensitivity means that the algorithm correctly identified many of the overlapping nodes in the network, while
a high specificity means the algorithm did not assign many non-overlapping nodes to multiple communities.

7.2.5 APPLYING OSLOM TO THE EMPIRICAL STRUCTURAL HUMAN CONNECTOME

Since OSLOM was identified as the top-performing OCDA in the benchmark ensemble analysis, we further
refined its threshold parameter (P ) for the applied case study analysis with the empirical right-hemisphere
cortical connectome. We compared modular decomposition at each P = 0.01, 0.02, . . . 1 to identify a suit-
able range of P values, across which OSLOM identified a consistent number of modules and overlapping
nodes. Our empirical selection of a representative P -value threshold for application to the observed right-
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hemisphere structural connectome is guided here by decomposition stability, rather than in-sample perfor-
mance, precisely to minimize the risk of overfitting. Importantly, OSLOM is a stochastic algorithm, such that
the resulting decomposition can vary depending on the user-supplied seed for the pseudo-random number
generator (which determines which nodes are initially selected as the basis for community evaluation) [530].
Most prior applications of OSLOM to interdisciplinary real-world problems that specify P and algorithm hy-
perparameters do not specify the random seed used to generate their results (in which case the seed is
automatically generated based on the time at analysis, down to the microsecond) [597, 598]. Bruner et al.
[599] used the singular pre-specified seed of 73, and Acman et al. [600] examined a handful of random
seeds (1, 5, 42, 93, 212) before manually selecting results obtained with an individual seed (42). Gates
et al. [543] did not specify whether seeds were set, but they applied OSLOM to the functional brain con-
nectome 10 times per participant, deriving an ‘element-centric similarity matrix’ based on the similarity of
individual OSLOM decompositions between participants.

Recognizing that the robustness of a particular decomposition is essential for inferring generalizable biolog-
ical significance in the human connectome, we systematically evaluated the variability of OSLOM outputs in
the fixed-parameter setting across different random initialization seeds. We verified that OSLOM produced
deterministic outputs for a given initialization seed and P -value threshold combination, mitigating concerns
about internal stochasticity. For each threshold between 0.01 to 1, we ran OSLOM using 100 different ini-
tialization seeds (setting the seed to each of the integers from 1 to 100) and examined the average number
of modules and number of overlapping nodes across thresholds. After narrowing the P -value range down
to P = 0.15, 0.16, . . . 0.35 based on the stability in the number of modules and overlapping nodes (averaged
across seeds; cf. Figs. S2A-B), we then selected a final value of P=0.3 as an intermediate value that yielded
top performance in the simulated benchmark analysis.

Having selected P = 0.3, we next sought to identify a particular decomposition from the 100 realiza-
tions (corresponding to the 100 initialization seeds) that is most similar to (i.e., most ‘central’) all other
decompositions—analogous to selecting a Fréchet in a distance-based framework. We quantified simi-
larity in modular decomposition between each pair of seeds using the ENMI (Fig. S2C, cf. Sec. 7.2.4)
for consistency in the comparison measure used to evaluate each OCDA against each simulated network
in the benchmark ensemble. We additionally constrained our search to seeds that yielded module sizes
between 10 and 60 nodes (inclusively) in order to focus on biologically interpretable region groups. This
approach favors the selection of a solution that is most stable (i.e., consistent) across initialization, pro-
viding a single representative decomposition that best captures the consensus structure detected by the
algorithm (in this case, OSLOM). This similarity analysis identified seed 61 as the most representative, ex-
hibiting a mean ENMI of 0.64 ± 0.11 with all other seeds; for comparison, the mean ENMI across all other
seeds was 0.59± 0.10. Of note, seeds with higher average ENMI values (including seed 61) also exhibited
greater variance in ENMI values; this heteroskedastic relationship is depicted as a scatter plot in Fig. S3A.
Although we did not explicitly penalize for variance in our seed selection, the tight coupling between mean
and median ENMI values shown in Fig. S3B supports its use as a proxy for ’representativeness’. All subse-
quent analyses in the empirical right-hemisphere cortical connectome case study were conducted using the
modular decomposition derived from this seed–parameter combination. Taken together, while stochasticity
in community detection algorithms is challenging, we developed and implemented a systematic approach
from which we selected a representative result from OSLOM to subsequently analyze.
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7.2.6 COMPARING OVERLAPPING NODES WITH BIOLOGICALLY RELEVANT PROPERTIES

In order to investigate various aspects of how the overlapping community structure relates to the putative
functional hierarchy in the cortex, we used principal gradients (PGs) of functional connectivity [414]. We
obtained pre-processed maps of the first and second PGs (PG1 and PG2, respectively) from the neuromaps
python package [440] (version 0.0.5). After transforming the reference maps into fsaverage surface space,
we analyzed the vertex-wise values for PG1 and PG2 for each of the 180 regions in the HCP–MMP1
parcellation [564]. We summarized the mean values across vertices to obtain region-averaged values for
PG1 and PG2, respectively.

7.2.7 COMPARING OVERLAPPING AND NON-OVERLAPPING MODULAR PARTITIONS

To clarify whether the top-performing OCDA can provide additional and unique information beyond that of
a non-overlapping partition, we compared network properties from the two modular decomposition types.
For a representative non-overlapping partition, we applied Louvain community detection using the method
from Rubinov and Sporns [601], first tuning the resolution parameter γ to yield relatively consistent decom-
positions across 100 iterations, each with the seed set to an integer from 1, 2, . . . 100 (as with OSLOM).
After sweeping across γ values ranging from 0.5 ≤ γ ≤ 1.5, we selected γ = 1 (which happens to be the
default in the Brain Connectivity Toolbox [601]) as this forms an elbow in the number of communities with
lower variance across seeds than higher γ values (as plotted in Fig. S4A). We selected a representative
seed (98) based on mean normalized mutual information (NMI) with all other seeds (total of 100, as shown
in a heatmap in Fig. S4B), which yielded a final six-community decomposition—projected onto the right
hemisphere cortical surface in Fig. S4C. As a robustness test, we also compared results using γ = 1.5 to
enforce a seven-module (non-overlapping) decomposition for the direct comparison of seven communities
between OSLOM and Louvain, with the results shown in Fig. S4D-G.

We computed two frequently-used nodal measures from the Louvain decomposition using the python im-
plementation of the Brain Connectivity Toolbox [601] (bctpy, https://github.com/aestrivex/bctpy): (i) within-
module strength (z-scored), z, which measures how strongly a node is connected to others within its own
community; and (ii) participation coefficient, P , which measures the diversity of a node’s connections across
network modules [56, 61, 602]. To understand the relative position of each OSLOM-defined overlapping
node within the non-overlapping Louvain partition, we plotted all nodes in z − P space, following the char-
acterization in Guimerà and Nunes Amaral [61]. For direct comparison with the top-performing OCDA, we
adapted the algorithm for P to allow each overlapping node to be assigned to multiple modules.

7.2.8 DATA VISUALIZATION AND CODE AVAILABILITY

The overlapping community decomposition was visualized within the parcellated cortical surface using
the ggseg package in R [386]. We used the NetworkX package [603] in Python to visualize community
structure with a ‘circos’ layout and an undirected graph network layout in Fig. 7.3.3B. Raincloud plots
are visualized using the ‘see’ [516] and ‘ggplot2’ [604] packages in R. An open and extendable Mat-
lab implementation of our methodology is available on GitHub2, which also includes all code to repro-
duce our main results in a combination of Matlab (and R, for visualization purposes only). The methods

2https://github.com/NeuralSystemsAndSignals/OverlappingCommunityDetection_HCP
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schematic in Fig. 7.2.1 includes images provided under CC BY 2.0 by NICHD NIH (flickr.com/photos/nichd/
16672073333) and CC0 by Wikimedia Commons (https://commons.wikimedia.org/wiki/File:Illustration_of_
overlapping_communities.svg, https://upload.wikimedia.org/wikipedia/commons/a/a6/Trophy_Flat_Icon.svg).

7.3 RESULTS

Here, we apply our data-driven algorithm selection method to characterize the overlapping modular struc-
ture of the right cortical connectome, derived from 973 individuals in the HCP dataset [555]. As depicted
schematically in Fig. 7.2.1, our systematic approach generates an ensemble of benchmark networks with
properties that mirror the target empirical connectome, with a ground-truth overlapping structure that en-
ables selection of the top-performing OCDA. After identifying OSLOM as the top-performing algorithm
across the benchmark ensemble, we then analyze the overlapping community structure inferred by this
method, comparing the resulting decomposition with functional properties to demonstrate the unique in-
sights beyond those that can be inferred from a traditional non-overlapping partition.
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Figure 7.3.1: Network properties of the group-level structural connectome of the right hemisphere of the
human cortex. A. The empirical structural connectome of the right cortical hemisphere is shown as a weighted
180×180 adjacency matrix, with color representing the log-transformed number of streamlines (connections) between
nodes. B. The strength, s, is computed for each region (as the sum of all log-transformed edge weights) and projected
on the cortical surface for the right hemisphere. C. Plotting node strength (s) vs. node degree (k, the sum of binarized
connections) demonstrates that s ∝ k—enabling the inference that s ∝ kβ , with β = 1, for Lancichinetti and Fortunato
[556] benchmark network generation. D. The frequency distribution for degree (k) values across nodes, which does
not exhibit power-law scaling.

7.3.1 THE CONNECTOME-TAILORED BENCHMARK NETWORK ENSEMBLE HIGHLIGHTS
OSLOM AS THE TOP-PERFORMING ALGORITHM

In order to tune parameter values for the generative network algorithm of Lancichinetti and Fortunato [556],
we first examined key network properties of the empirical human right-hemisphere structural connectome.
We constrained our analysis to intra-hemispheric connections in the right hemisphere, confirming that the
left and right hemispheres exhibited highly similar edge degree, strength, and variance distributions (cf.
Fig. S1). For the 180-node right-hemisphere human structural connectome, shown in Figs. 7.3.1A-B, we
followed the general procedure depicted in Fig. 7.2.1. We first needed to set the benchmark-generation
parameters, (N, ⟨k⟩, kmax, τ1, τ2, β, On, µt, µw), to match the data, as described in Methods (Sec. 7.2.2). Ba-
sic network parameters were computed directly from the network: N = 180, ⟨k⟩ = 29, and kmax = 102.
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Plotting node degree, k, against node strength, s, shown in Fig. 7.3.1C, revealed s ∝ k, allowing us to
identify the exponent in s ∝ kβ, as β = 1. A limitation of the Lancichinetti and Fortunato [556] algorithm
is its assumption of a power-law degree distribution, pk ∼ k−τ1 which, as shown in Fig. 7.3.1D, does not
hold for this structural connectome. Of note, deviations from power-law distributions have been reported in
diverse connectomic datasets and preprocessing paradigms [605–607], suggesting that this is not unique
to the dataset and/or analytical choices implemented here. We nevertheless set τ as the best power-law
fit to this distribution, as τ1 = 2. Sampling from all other parameters across appropriate ranges (using
uniform distributions, as described in Sec. 7.2.2), we generated an ensemble of 1,000 right-hemisphere
structural connectome benchmark networks, each with a ground-truth overlapping community assignment.
The benchmark ensemble was generated on a MacBook Air with an Apple M2 chip and 16GB RAM, and
with the above-described parameter configurations, the 1,000 networks were generated and saved in 224
seconds (3.7 minutes). We evaluated the performance of 22 OCDAs (based on five representative algo-
rithms) on each generated benchmark network using the ENMI metric (cf. Sec. 7.2.4). For each simulated
network, we fit each of the 22 OCDAs comprising five core methods (Infomap, SLPA, OSLOM, Clique Perco-
lation, and NNMF), along with the Louvain method [63] as a non-overlapping baseline comparison method.
We compare the computational runtime required for each algorithm group in Table 7.3.1, finding that among
the OCDAs—all of which took at least one order of magnitude longer than Louvain (0.002 ±0.001 seconds
per 180×180 network; median ± inter-quartile range, IQR)—SLPA was the fastest (0.04 ±0.01 seconds)
while OSLOM was the slowest (12±6 seconds).

Table 7.3.1: Computational runtime for the OCDAs (and Louvain as a baseline) across the 1,000 networks in the
benchmark ensemble. All analyses were computed sequentially on a MacBook Air with an M2 silicon chip and 16GB
of RAM. Methods are sorted in order of median runtime from smallest to largest. IQR: interquartile range

Method Median runtime (s) IQR runtime (s)
Louvain 0.002 0.001
SLPA 0.04 0.01
Infomap 0.4 0.1
Clique Percolation 0.7 0.4
NNMF 1.1 0.1
OSLOM 12 6

We schematically depict our process for evaluating the decompositions generated by each OCDA across
the 1,000 networks simulated with the Lancichinetti and Fortunato [556] method in Fig. 7.3.2A, highlighting
one representative benchmark network for illustrative purposes. The ‘ground-truth’ community structure
and overlapping community assignments are shown in Fig. 7.3.2B, along with those predicted by each of
the 22 OCDAs. Visually, we see that variations of the OSLOM method best recapitulate the known overlap-
ping community structure of this representative benchmark, though Clique Percolation results (with larger
k-clique sizes) also exhibit similar structure to the ground-truth decomposition. To summarize across all
1,000 generated benchmark networks, in Fig. 7.3.2C, we show the ENMI distributions as raincloud plots
for each OCDA configuration (excluding OSLOM with parameter settings that yielded redundant decom-
positions). We also included the ENMI distribution for the Louvain method for comparative purposes, with
results also summarized in Table 7.3.2. The three OSLOM algorithms yielded the highest median ENMI
values (0.83–0.84, IQR 0.15–0.16), indicating that OSLOM best uncovered the community structure across
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human right-hemisphere structural connectome-like benchmark networks out of the methods compared
here (cf. Fig. S5). Of note, all parameter configurations of OSLOM yielded higher median ENMI values than
the Louvain partition (0.65, IQR 0.31), collectively supporting its utility despite the higher computational bur-
den than other methods. Clique Percolation algorithms exhibited the second-highest median ENMI values
(0.55–0.69, IQR 0.19–0.37), though only the larger cliques (k ≥ 6) yielded higher median ENMI values
than the Louvain decomposition. As noted in the Methods (cf. Sec. 7.2.4), Clique Percolation binarizes
edge weights while OSLOM retains edge connection strengths, which may be a contributing factor to the
performance differences between the two algorithms. Within NNMF, maximal ENMI values were achieved
with probability thresholds (p) > 0.1, while Infomap and SLPA exhibited generally weaker performance; all
three general OCDA classes yielded lower median ENMI values than the Louvain method.

In terms of recovering overlapping nodes specifically, we also evaluated the sensitivity and specificity of
algorithm-predicted overlapping nodes relative to the ground truth in each simulated network. As shown
in Fig. S6, NNMF with different thresholds yielded the highest overall sensitivity (meaning it recovered the
most ground-truth overlapping nodes out of all evaluated algorithms), but specificity values were consider-
ably lower than for other algorithms—indicating that NNMF generally predicts more nodes to be overlapping
than are actually overlapping. Moreover, NNMF also yielded overall considerably lower ENMI values com-
pared to OSLOM, Clique Percolation, and even the non-overlapping Louvain decomposition, suggesting that
its strong performance in identifying overlapping nodes does not directly generalize to its overall network
community structure inference. OSLOM consistently yielded the second-highest range of sensitivity values
(31.6–60.9%) across P -thresholds, while maintaining 100% specificity (with the exception of OSLOM-100,
which exhibited a specificity of 96.8±5.2%). The other three OCDA classes—Clique Percolation, Infomap,
and SLPA—all exhibited near-perfect specificity (all >97%) yet very low sensitivity to ground-truth over-
lapping nodes (all <17%). Altogether, the benchmark ensemble analysis suggests that OSLOM best re-
covers the overlapping community structure of the human (right-hemisphere) structural connectome out of
the evaluated OCDAs, in terms of overall community identification (ENMI analysis) as well as identifica-
tion of specific overlapping nodes (sensitivity/specificity analysis). Given these results, we progressed with
OSLOM as the preferred overlapping community-detection algorithm to study the structural architecture of
this intra-hemispheric cortical connectome dataset.
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Figure 7.3.2: Overlapping community structure predicted by OCDAs (across 22 different combinations of
parameters for five types of OCDA methods) on a representative connectome-like benchmark network. A. A
representative simulated network from the benchmark ensemble of 1,000 networks, comprised of 180×180 nodes rep-
resenting the right-hemisphere HCP-MMP1 regions [564] as with the empirical structural connectome in Fig. 7.3.1A.
The same color map is used as with the empirical connectome matrix for visual consistency. Regions are sorted ac-
cording to the ‘Benchmark’ (i.e., ground-truth) community assignment, and cells are colored according to (simulated)
connection strength, normalized to the unit interval [0, 1] for visualization. B. The ‘Benchmark’ column (highlighted
in pink with bold text) represents the ground-truth community structure for the network depicted in A, in which each
of the 180 nodes is assigned to one or more communities (represented by colors). Nodes belonging to the same
community are assigned the same color, and overlapping nodes are assigned multiple colors. The other 22 columns
on the right depict predictions of the overlapping community structure from each OCDA. Note that colors designate
different communities within each OCDA column, but individual colors are not directly comparable between OCDA
results (i.e., between columns). C. For each algorithm, ENMI performance distributions are shown as raincloud plots
across the generated ensemble of 1,000 benchmark networks. Algorithms are sorted by mean ENMI across the en-
semble (shown as black horizontal lines), and algorithms are color-coded as OSLOM (magenta), Clique Percolation
(light pink), NNMF (teal), Infomap (light blue), and SLPA (navy blue). ENMI values are also shown for the Louvain
method (green) as a baseline non-overlapping method for comparison. Note that OSLOM results are shown here for
three selected resolutions (P = 0.3, 0.5, 0.9); ENMI distributions are similar for other values of P .
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Table 7.3.2: Extended normalized mutual information (ENMI) for the OCDAs (and Louvain as a baseline) across the
1,000 networks in the benchmark ensemble.

Method Median ENMI IQR for ENMI
OSLOM_90 0.84 0.15
OSLOM_80 0.84 0.15
OSLOM_60 0.84 0.16
OSLOM_70 0.84 0.15
OSLOM_50 0.84 0.16
OSLOM_40 0.83 0.15
OSLOM_30 0.83 0.15
OSLOM_20 0.82 0.15
OSLOM_10 0.82 0.17
OSLOM_100 0.79 0.17
Clique_9 0.69 0.19
Clique_7 0.69 0.19
Clique_6 0.68 0.19
Louvain∗ 0.65 0.31
Clique_5 0.64 0.21
Clique_4 0.59 0.32
Clique_3 0.55 0.37
NNMF_30 0.51 0.27
NNMF_20 0.49 0.29
NNMF_40 0.42 0.23
NNMF_10 0.32 0.12
Infomap 0.10 0.70
SLPA 0.08 0.13

7.3.2 OVERLAPPING COMMUNITY DETECTION REVEALS REGIONS THAT BRIDGE MULTI-
PLE NETWORKS AND SIT HIGH IN THE CORTICAL HIERARCHY

Having identified OSLOM as the top-performing algorithm for uncovering the overlapping community struc-
ture in our right-hemisphere structural connectome dataset, we progressed with this algorithm to character-
ize its overlapping community structure. As described in Sec. 7.2.5, we performed a more comprehensive
parameter sweep (across P -value thresholds in finer increments of 0.01 across 100 initialization sweeps),
and identified a plateau in the number of modules detected (6 to 7) and the number of overlapping nodes
detected (14 to 15) between 0.15 ≤ P ≤ 0.35 (cf. Figs. S2A,B). We selected an intermediate value within
the stable plateau of P = 0.3, which also yielded among the highest ENMI with the ground-truth overlap-
ping community structure in the benchmark analysis (cf. Fig. 7.3.2C). After examining pairwise ENMI value
across initialization seeds to identify an optimally representative decomposition, we selected seed 61 (high-
lighted in the ENMI heatmap in Fig. S2), which exhibited a mean ENMI of 0.64±0.11 with all other examined
seeds at P = 0.3. This selection of parameters is referred to hereafter as OSLOM_30.

As shown on the brain’s surface in Fig. 7.3.3A, OSLOM_30 yielded an overlapping modular decomposition
with seven modules, which we labeled as follows: (1) dorsomedial cortex; (2) limbic; (3) visual; (4) ventral
attention and visual stream; (5) somatomotor; (6) insula; and (7) frontal pole. Of note, most individual re-
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gions within each right-hemisphere structural community are spatial neighbors, with modules thus forming
spatially contiguous clusters. This is consistent with prior findings that spatially proximal regions are more
likely to exhibit axonal connectivity between each other [451] and share similar connectivity patterns with
the rest of the brain [608, 609]. The seven OSLOM_30-defined communities show substantial overlap with
the seven canonical resting-state functional networks described in [185] (see Fig. S7 for overlap propor-
tions shown as a heatmap), which is consistent with work from Chen et al. [610] showing that anatomical
community structure, based on cortical thickness (not structural connectivity), is closely related to functional
systems [610].

Relative to non-overlapping methods, a key benefit of OCDAs is their ability to identify overlapping nodes—
i.e., brain regions that bridge two or more different communities. Our OSLOM_30 decomposition identified
fifteen overlapping brain regions: PreS, ProS, PeEc, PHA1, POS2, RSC, TE1a, PH, STSva, PFm, PGs,
8Av, 8BM, and 9m. These overlapping regions are highlighted in bold on the right-hemisphere cortical sur-
face along network edges in Fig. 7.3.3A and the communities to which they were assigned are summarized
in Table 7.3.3. Specifically, these overlapping regions were collectively assigned to six pairs of commu-
nities (e.g., ‘Frontal pole + limbic’, ‘Somatomotor + ventral attention and visual stream’), and one region
was assigned to three communities (‘Limbic + visual + dorsomedial’). The intra-hemispheric connectogram
(with log-transformed streamline counts, cf. Sec. 7.2.1) in Fig. 7.3.3B verifies that these overlapping re-
gions exhibit structural connections across multiple modules. While the benchmarking analysis presented
in Fig. 7.3.2 (based on ENMI and sensitivity and specificity of assignment of overlapping status to nodes)
does not directly support the accuracy of specific regions assigned to specific overlapping communities
with ‘OSLOM’, the connectivity patterns in Fig. 7.3.3B indicate that these regions are indeed structurally
affiliated with regions that ‘OSLOM’ assigned to the corresponding two (or three) modules. Examining
intra-hemispheric structural connectivity specifically between these fifteen overlapping nodes in Fig. 7.3.3C
reveals strong interconnectivity, consistent with the notion that overlapping regions integrate information
across segregated brain networks—noting that these regions exhibit higher overall degree on average (cf.
Fig. S8A).
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Figure 7.3.3: The overlapping community structure of the human structural connectome (right hemisphere)
shows anatomical specificity and cross-network structural connectivity. A. The OSLOM_30 algorithm identified
seven overlapping communities of the human structural connectome, which are represented with square nodes and
corresponding brain maps with the 180-region parcellation from Glasser et al. [564]. Regions colored in a given
map at each node were assigned to the corresponding module (and potentially to another module as well). The
edges and their corresponding brain maps indicate regions with overlapping community assignments to two or more
communities. Overall, the resulting communities are anatomically localized to the following regions: I. Dorsomedial
cortex, II. Limbic, III. Visual, IV. Ventral attention + visual stream, V. Somatomotor, and VI. Insula, and VII. Frontal
pole. Note that the ‘Insula’ module is positioned to the side as it does not share any overlapping connections to
any of the other communities. B. In this connectogram, every node is plotted on the edge of the circle, ordered by
assigned structural module. Lines connecting nodes indicate connectivity between the pair of regions, with width
and transparency showing the log-transformed streamline count. Fifteen brain regions were assigned to two different
communities (‘overlapping regions’), distinguished on the left of the plot with two- or three-tone circles used to indicate
the networks bridged by the corresponding region. The full structural connectome is summarized between these
eleven overlapping regions (left) and the rest of the brain (right), with the latter colored by OSLOM_30-defined community
as in A. Edges are colored according to the OSLOM community to which the connecting region on the right belongs,
with edge weight and transparency mapping to the average number of tracts between the two regions. C. The
structural connectome between the fifteen overlapping regions is depicted, with line width and transparency indicating
the log-transformed streamline count. D. Each of the fifteen overlapping nodes is highlighted in color on the brain’s
surface, annotated with the same multi-tone circles as in A to indicate shared community membership.
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Figure 7.3.3D plots the overlapping regions on the right-hemisphere cortical surface, revealing that the
fifteen nodes are evenly distributed along both anterior–posterior and medial–lateral axes. On average,
each overlapping node comprised a larger surface area than a non-overlapping node (unpaired Wilcox
rank-sum test, P = 0.03; cf. Fig. S8B). Comparing the locations of these overlapping regions with those of
the seven structural communities, we find that they sit at the spatial interface between adjacent communities.
For example, the ‘Somatomotor + ventral attention’ overlapping regions, PFm and PGs, sit at the ventral end
of the ‘Somatomotor’ module and the dorsal end of the ‘Ventral attention and visual stream’ module. Taken
together with the inter-module connectivity depicted in Figs. 7.3.3A,B, this suggests that overlapping nodes
can form a structural bridge for rapid integrative processing between the constituent brain networks—in
which case these regions could serve as cross-network ‘integrators’ or ‘hubs’ [611–613].

Table 7.3.3: The fifteen nodes that OSLOM_30 identified as overlapping across two or more structural communities in
the right-hemisphere cortical connectome. The ‘+’ sign denotes an overlap between the previous and subsequent
listed communities.

Brain Re-
gion

Description OSLOM communities bridged

PreS PreSubiculum Visual + limbic
ProS ProStriate Area Visual + limbic
PeEc Perirhinal Ectorhinal Cortex Visual + limbic
PHA1 ParaHippocampal Area 1 Visual + limbic
POS2 Parieto-Occipital Sulcus Area 2 Visual + limbic
RSC RetroSplenial Complex Dorsomedial + visual + limbic
TE1a Area TE1 anterior Visual + ventral attention and visual stream
PH Area PH Visual + ventral attention and visual stream
PGp Area PGp Visual + ventral attention and visual stream
STSva Area STSv anterior Visual + ventral attention and visual stream
PFm Area PFm Complex Somatomotor + ventral attention and visual stream
PGs Area PGs Somatomotor + ventral attention and visual stream
8Av Area 8Av Somatomotor + frontal pole
8BM Area 8BM Frontal pole + dorsomedial
9m Area 9 Middle Frontal pole + limbic

Based on the seminal work in Mesulam [71]—and mounting evidence that ‘integrative hubs’ contribute to
multiple functional domains [69, 538, 614, 615]—we hypothesized that overlapping regions that OSLOM
assigned to two or more structural communities would sit higher in the putative functional hierarchy of the
cortex, such that their cross-community connectivity enables the exchange of information from distributed
modules. To test this hypothesis, we first examined the extent to which each overlapping node mapped to
each of the seven canonical resting-state functional networks from Yeo et al. [185]. As shown in Fig. 7.3.4A,
we found that roughly half of the overlapping nodes map primarily to the higher-order default mode and
frontoparietal (cognitive control) systems, which comprise association and paralimbic cortices. By contrast,
the remaining overlapping regions correspond primarily to the visual network (a unimodal system) or the
ventral attention and limbic networks (heteromodal systems). The differential network composition across
the fifteen overlapping nodes suggests a natural bipartition, with each half sitting towards either the lower
or the higher end of the cortical functional hierarchy, respectively.
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We next quantitatively compared the location of each overlapping node along the cortical hierarchy by ex-
amining the first and second principal gradients (PGs) of functional connectivity [414] provided in the neu-
romaps atlas [440] (cf. Sec. 7.2.6). As described in Margulies et al. [414], the first PG tracks a topographical
hierarchy in the cortex, anchored by unimodal sensorimotor regions at the base and transmodal associa-
tion regions at the top, with heteromodal regions supporting domain-general processing along the middle;
whereas the second PG distinguishes between primary modalities by separating auditory and sensorimo-
tor from visual regions. As shown in Fig. 7.3.4B, overlapping brain regions identified by OSLOM_30 exhibit
significantly higher first PG (PG1) values—averaged across all vertices per region—than non-overlapping
counterparts (P = 0.004, Wilcox rank-sum test). This supports the notion that regions assigned to two
or more intra-hemispheric structural communities sit higher in the topographical hierarchy of the cortex on
average—with the caveat that external validation will be needed to confirm this, given the inherent limita-
tions in the accuracy of specific community label assignments. Although there was no statistically significant
difference in PG2 values between overlapping versus non-overlapping nodes (P = 0.14, Wilcox rank-sum
test), plotting nodes in PG1–PG2 space in Fig. 7.3.4C revealed that overlapping regions sit within the visual–
transmodal axis, with a notable lack of regions in the auditory region (characterized by low PG1 and high
PG2 values). This supports the notion that regions bridging two or more structural communities generally
sit higher in the topographical hierarchy of the cortex.
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Figure 7.3.4: Regions participating in multiple structural communities generally sit higher in the human cor-
tical hierarchy. A. For the fifteen cortical brain regions assigned to two or more modules, the percentage of vertices
corresponding to each of the seven resting-state networks from [185] is shown as a heatmap. B. The mean first (PG1)
and second (PG2) principal gradient values computed across all vertices per region are shown in raincloud plots for
overlapping regions (purple, 15 regions) and non-overlapping regions (gray, 164 regions). ∗∗, P < 0.01, Wilcox rank-
sum test; n.s., P > 0.05. C. The mean PG1 versus PG2 values are plotted per brain region, with overlapping regions
indicated by multi-tone circles as in A. D. For each group of overlapping nodes (e.g., ‘Visual + cingulate and parahip-
pocampal’), the PG1 values are plotted for all vertices as raincloud plots. a.u., arbitrary units. In all plots, the black bar
spanning each violin half represents the mean of the corresponding distribution. On the righthand side of raincloud
plots, nodes have been grouped into one of three categories based on the patterns of PG1 value distributions.

The spread of PG1 values among overlapping regions is surprising, indicating that the nodes do not all sit
narrowly at the top of the cortical hierarchy. Rather, the overlapping regions might be positioned across mul-
tiple hierarchical levels, which could allow them to act as intermediaries in integrating across systems that
may sit at very different levels of the functional hierarchy. Indeed, Najafi et al. [69] found that overlapping
regions exhibit greater functional diversity than those participating in only one network. While the overlap-
ping regions did not exhibit more variance in vertex-wise PG1 values compared to non-overlapping regions
(as shown in Fig. S9), we aimed to investigate the overall distribution of PG1 values across vertices in each
overlapping region. As shown in Fig. 7.3.4D, we found interesting and distinctive patterns of vertex-wise
PG1 values in overlapping regions, which we separated into three distinct patterns: (1) Low PG1 values with
moderate variance, corresponding to ProS, PH, and PGP, which map primarily to the visual and ventral at-
tention resting-state networks; (2) Moderate PG1 values with high variance, corresponding to heteromodal
integration of domain-general processing, in the tri-modular RSC node and in four of the bi-modular ‘Visual
+ limbic’ nodes: PreS, PeEc, POS2, and PHA1; and (3) High PG1 values with low to moderate variance,
corresponding to transmodal association of higher-order functions, in the remaining nodes: TE1a, STSva,
8BM, PGs, PFm, 8Av, and 9m. These distinctive patterns in the mean and variance of PG1 values suggest
that while overlapping regions generally sit higher in the putative functional connectivity hierarchy, poten-
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tially enabling more synergistic systems-level processing—though this pattern is not universal across all
overlapping regions. Rather, our findings suggest that the role of a given overlapping node within its com-
plex network topology may depend upon the two or more communities it bridges, along with other structural
and functional properties, from cytoarchitecture to neurotransmitter receptor densities [616, 617].

7.3.3 COMPARING OSLOM WITH LOUVAIN DEMONSTRATES THE IMPORTANCE OF AL-
LOWING NETWORK-BRIDGING OVERLAPS

Having demonstrated that OSLOM_30 generates biologically plausible intra-hemispheric structural networks
bridged by overlapping nodes, we next asked how much additional information this overlapping modular
network decomposition provides beyond that of a conventional, non-overlapping partition. In particular, we
wanted to understand whether the overlapping nodes assigned by OSLOM exhibit distinctive nodal metrics
of network integration relative to those of a non-overlapping partition, such as participation coefficient, P ,
and within-module strength (z-score), z [61]. As originally described in Guimerà and Nunes Amaral [61] and
further extended to brain connectivity subsequently [618–620], comparing P and z can provide insight into
the functional role that a given node may fulfill in its community, from peripheral hubs (low z, low P ) through
global connectors (high z, high P ). Since the fifteen OSLOM-30-defined overlapping nodes exhibited many
connections across communities and between each other (cf. Figs. 7.3.3B,C), we expected that they would
sit in the ‘global connectors’ (high z, high P ) space.

For comparison to the OSLOM_30 overlapping partition, we selected the Louvain clustering method [63] for
consistency with the benchmarking analysis. The Louvain method yielded a non-overlapping modular de-
composition, from which z and P were derived for each node (as described in Sec. 7.2.7). Using a repre-
sentative decomposition with the resolution parameter γ = 1—which is the default in the Brain Connectivity
Toolbox [601] and is supported by our robustness analyses in Fig. S4—we identified six non-overlapping
Louvain communities in the right hemisphere, shown on the cortical surface in Figs. S4B,C. We also per-
formed a robustness analysis with γ = 1.5 to enforce a seven-module (non-overlapping) decomposition in
the right hemisphere, and the results were comparable to those obtained with γ = 1 (cf. Fig. S4D-G), so we
focus on the γ = 1 Louvain results hereafter. To characterize nodes according to Louvain versus OSLOM
partitioning, we compared P versus z scores for each node. We show each node in PLouvain–zLouvain space
in Fig. 7.3.5B, where overlapping nodes (colored circles) are compared with non-overlapping nodes (gray
circles). Most of the OSLOM-30-defined overlapping nodes exhibit zLouvain > 0 (11 out of 15 nodes), indicating
strong within-Louvain-module connectivity relative to other regions. However, only half of the overlapping
nodes (8 out of 15) exhibit PLouvain > 0.5, and even those do not stand out as exhibiting particularly high
PLouvain relative to non-overlapping nodes. For example, regions 8BM and 9m—judged as overlapping by
OSLOM-30—exhibit strong within-Louvain-module connectivity (high zLouvain) yet sit towards the lower end of
the PLouvain distribution. This is surprising, as we expected regions that OSLOM-30 identified as overlapping
to show a greater spread of connectivity to nodes across multiple Louvain-defined modules (i.e., closer to
‘global connectors’, or at least ‘provincial hubs’).
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Figure 7.3.5: Overlapping nodes cannot straightforwardly be inferred from nodal metrics of a non-overlapping
community decomposition. A. Scatter plots for P versus z for every node in the right hemisphere cortical connec-
tome using the Louvain (non-overlapping) partition. The overlapping nodes (obtained by OSLOM-30) are marked in
two-tone circles, with the two colors indicating the pair of communities bridged by the node in the OSLOM decom-
position. B. The difference in POSLOM versus PLouvain is compared for each OSLOM-identified overlapping region,
ranked by the value of ∆P . C. Louvain assigns nodes 8BM and 9m to a community of 46 total nodes spanning frontal,
cingulate, and dorsomedial cortices (n.b., only a subset of these nodes are shown that are structurally connected
to 8BM and/or 9m), whereas D. OSLOM subdivides this set of nodes into three communities, collectively bridged
by 8BM and 9m. The two-tone circles for 8BM and 9m indicate the two structural communities to which they were
assigned. Circles with pink-gray or orange-gray coloring indicate overlap between the ‘Frontal pole’ or ‘Limbic and
parahippocampal’ and other modules, respectively. Completely gray circles represent non-overlapping nodes. Nodes
8BM and 9m are annotated with bolded edges on the brain’s surface below the network plots in C and D. E. For each
overlapping node, its mean PG1 value is compared with its participation coefficient from either Louvain or OSLOM
partitioning. Spearman’s ρ is shown for each comparison; ∗, P < 0.05.

Of note, P is a label-invariant measure, as it focuses on the relative frequency of connected neighbor
nodes in each module rather than the identity the modules themselves—meaning it is still valid regardless
of whether the corresponding community detection algorithm (OSLOM or Louvain, in this case) recovers
the ground-truth community structure from the empirical right-hemisphere structural connectome. To com-
pare network properties with the OSLOM partition, we adapted the participation coefficient, P , to allow
each overlapping node to be counted as part of its constituent two or three communities (noting that the
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specific module assignment label does not affect the value of P ). With this adaptation (cf. Sec. 7.2.7), P
will increase by definition, so we focus on the relative differences in the magnitude of change (i.e., ∆P ) in
Fig. 7.3.5B. Regions 9m and 8BM stood out as the two regions with the greatest increase in P as measured
by OSLOM relative to Louvain—prompting more detailed investigation of these regions. To investigate the
structural changes in modular structure that may have underpinned these substantial increases in participa-
tion coefficient for 9m and 8BM, we further examined their ‘sub-network graphs’—comprised of the cortical
regions sharing intra-hemispheric structural connections to one or both of 8BM and 9m. These subnet-
works that include 9m and 8BM are plotted in Figs. 7.3.5C and D, for the Louvain and OSLOM modular
decompositions, respectively. As shown in Fig. 7.3.5C for the Louvain decomposition, both 9m and 8BM
were assigned to the same community, comprised in total of 46 right-hemisphere nodes (of which 40 are
included in this subnetwork) that collectively span frontal, cingulate, and dorsomedial cortices. We find
that the same nodes depicted in the OSLOM decomposition in Fig. 7.3.5C are partitioned into two distinct
communities that are bridged by 9m (the ‘Frontal pole’ and ‘Limbic’ modules) and another two by 8BM (the
‘Frontal pole’ and ‘dorsomedial cortex’).

These distinct modular decompositions demonstrate that OSLOM can disentangle multiple partially over-
lapping modules, capturing more complex yet subtle structure—which can be lost with a non-overlapping
algorithm that cannot accommodate overlaps and therefore merges nodes into one larger module. While
OSLOM detects different structures in the network, and thus yields different network nodal statistics like
the participation coefficient, we next aimed to investigate whether the participation coefficient derived
from Louvain or OSLOM may better capture other independently measured properties of brain organi-
zation among overlapping nodes, such position on the topographical cortical hierarchy [621]. As plotted in
Fig. 7.3.5E for the fifteen overlapping right-hemisphere nodes identified by OSLOM, the mean PG1 values
(cf. Figs. 7.3.4B-D) were significantly correlated with POSLOM (Spearman’s ρ = 0.65, P = 0.01) but not with
PLouvain (ρ = 0.32, P = 0.24). Similarly, we found no association between PG1 values and PLouvain in our
robustness analysis with γ = 1.5 (ρ = 0.37, P = 0.2; cf. Fig. S4G). This indicates that the overlapping
regions identified by OSLOM exhibit a greater degree of cross-module (intra-hemispheric) connectivity that
positively correlates with position in the topographical hierarchy of the cortex. The same relationship holds
when examining all 180 regions from the HCP–MMP1 right-hemisphere atlas [564]: as shown in Fig. S10,
all mean PG1 values were significantly correlated with POSLOM (Spearman’s ρ = 0.33, P = 6 × 10−6) but
not with PLouvain (ρ = 0.01, P = 0.9). In other words, testing the hypothesis that the participation coefficient
increases along the cortical functional hierarchy yields different conclusions using an overlapping versus
non-overlapping decomposition. Only the OSLOM-derived participation coefficient P provides evidence for
this hypothesis, with regions broadly increasing in their P from the unimodal end of the hierarchy up to the
transmodal, associative end. Collectively, our comparison of metrics derived from OSLOM versus Louvain
partitions underscores the utility of flexible overlapping decompositions for interpreting the resulting struc-
tural networks and derived nodal statistics, which are widely interpreted across the network neuroscience
literature.
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7.4 DISCUSSION

This work introduces a general data-driven framework for selecting an overlapping community-detection
algorithm (OCDA) for a given application. We further demonstrate how such overlapping modular decom-
positions can provide novel insights into the structure of the structure of human cortical connectivity. For
a given target empirical dataset—here the right-hemisphere structural connectome—the proposed method
systematically compares how well each OCDA recapitulates the ground-truth overlapping community struc-
ture across benchmark networks generated from properties of the target network. This problem of calibrat-
ing methods to data relates to the concept of an algorithmic ‘footprint’ characterized in related work on other
data types [622], that captures the differing regions (or ‘footprints’) in the data space in which different types
of algorithms exhibit strong performance. Acknowledging that each OCDA makes different assumptions
about network structure and inter-regional communication—and therefore that no OCDA can exhibit good
performance on every type of network (cf. the ‘no free lunch’ theorem [93, 95])—our method circumvents
the typical subjectivity in selecting an OCDA for a given problem, at the expense of constraints imposed
on the simulated network ensemble by the benchmark generation process [556]. This demonstrates the
importance of empirically tailoring OCDAs to a given network problem at hand, rather than relying on overly
general statements about the relative performance of one algorithm over another [94]. We demonstrate an
application of our approach to the structural connectome of the human right-hemisphere cortex, where we
select an appropriate OCDA algorithm (OSLOM) from an ensemble of brain-like networks. We then show
how OSLOM quantifies new types of structure in brain networks, particularly by identifying overlapping re-
gions that bridge across multiple biologically sensible modules and sit higher in the topographical cortical
hierarchy. Further, the OSLOM decomposition yields nodal metrics that better distinguish these overlap-
ping regions and align with independent measures of cortical organization, supporting the hypothesized
hierarchical variation of nodal participation.

Using OSLOM to infer the overlapping community structure of the right-hemisphere cortical connectome, we
obtained a useful and interpretable representation of the network structure with seven biologically plausible
processing modules, collectively bridged by fifteen integrative overlapping nodes. While our method cannot
directly confirm the accuracy of these identified overlapping nodes in the absence of a ground-truth empiri-
cal right-hemisphere community structure, these findings are generally in line with previous studies mapping
structural and functional connectomic data. For example, prior work suggests that higher-order integrative
regions like PFm and PFs—which were identified by OSLOM as exhibiting community overlap between
the ‘Somatomotor’ and ‘ventral attention and visual stream’ networks—serve as important functional and
cytoarchitectonic transition zones between neighboring brain areas [623, 624]. In addition to PFm and PFs,
regions 8BM and 9m in the dorsomedial prefrontal cortex also exhibited among the highest principal gra-
dient of functional connectivity (PG1) values [414] of the regions we evaluated (cf. Fig. 7.3.4C). For these
nodes, the intra-hemispheric structural connectivity overlaps may provide physical substrates for transmodal
and/or associative functional integration. Region 8BM, which showed overlapping community affiliation with
the ‘frontal pole’ and ‘dorsomedial cortex’ modules here and is a part of the frontoparietal resting-state net-
work [185], has previously been highlighted as a higher-order cognitive control hub [625]. Moreover, Assem
et al. [612] showed that 8BM, PFm, and PGs are also components of the ‘multiple-demand’ network that
orchestrates a variety of cognitive tasks, underlying flexible organization and cognitive control. Our findings
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are therefore consistent with the hypothesis that overlapping regions span multiple structural communities
to enable functional integration.

However, some overlapping nodes’ PG1 values position them closer to heteromodal limbic regions (e.g.,
POS2 and RSC) or even lower-order unimodal sensorimotor regions (e.g., PH and PGp). Despite sitting
lower in the first putative topographical hierarchy of the cortex than other overlapping nodes, POS2 (a
component of the parieto-occipital sulcus in the HCP–MMP1 atlas [564]) participates in individual-specific
functional network overlaps and is distinct from neighboring regions based on its cortical microstructure,
functional connectivity, and task activation [546]. RSC (standing for ‘retrosplenial cortex’ in the HCP–MMP1
atlas [564]) is noteworthy as the only region identified to bridge across three structural networks here:
‘Limbic’, ‘visual’, and ‘dorsomedial cortex’. The RSC exhibits dense inter-network connectivity [626] and
plays a critical integrative role in synthesizing viewpoints to process one’s environment [627, 628]. Taken
together with the literature, our findings suggest that POS2 and RSC serve as integrative transmodal hubs
that bridge two or three distinct networks, respectively. For the lower-PG1 regions—PH in the temporo-
occipital junction and PGp in the inferior parietal cortex—the potential role for structural overlap is less clear
from the literature. PGp is a part of the angular gyrus (AG) believed to mediate semantic processing [629,
630], although evidence suggests it plays less of an ‘integrative’ role than other AG subregions [631]. Region
PH contributes to visual processing from the foveal field [632], in line with the shared connectivity between
the ‘visual’ and ‘ventral attention and visual stream’ networks identified herein.

Taken together, the differing patterns in functional connectivity principal gradient (PG1) values among the
overlapping nodes suggest a wide spectrum of functions served by cross-network structural bridges, which
likely depend on a variety of factors—including dynamic brain state, cytoarchitecture, receptor densities, and
functional properties of the underlying brain systems. In support of this, Najafi et al. [69] described different
‘bridging’ behaviors exhibited across different overlapping regions based on the functional connectome, and
Bijsterbosch et al. [546] found evidence for both inter-community coupling as well as ‘interdigitation’ (i.e.,
spatial interweaving of two networks) among areas of overlap between functional modules. Previous work
has also suggested that such regions play a key role in information integration across brain modules and
dynamical network states [55, 633–636]. Given this heterogeneity, future study is warranted to more fully
characterize how the nature of overlapping regions relates to their own intrinsic structural, functional, and/or
cytoarchitectonic properties, as well as those of the network communities they span.

The relatively low number of overlapping regions (15/180) is notable, with interesting implications in terms
of both methodology and biology that warrant future investigation. While OCDAs have been applied to
structural connectomes in mice [537] and macaques [538], to our knowledge, this is the first study to apply
an OCDA to the human structural connectome derived from diffusion MRI. In light of this, there is limited
precedent for directly comparing our observed overlap ratio to previous work. However, we speculate that
the variance-based consensus thresholding method applied here—which was necessary to tune the re-
quired parameters to a single empirical adjacency matrix for the benchmark generation algorithm from Lan-
cichinetti and Fortunato [556]—might contribute to the low proportion of overlapping nodes in the right
cortical structural connectome, as sparsification reduces the opportunity for nodes to participate in multiple
communities. Indeed, Gu et al. [637] applied an OCDA to individual resting-state (functional) connectomes,
reporting much higher overlap densities across individuals (80-100 out of 246 nodes) with age-related dif-
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ferences. By contrast, Li et al. [539] implemented group-averaging and reported only 16 overlapping nodes
out of the 90 regions in the automated anatomical atlas (AAL) parcellation [638]. These differences in over-
lapping region density are likely attributable to factors including algorithm choice, imaging modality, and
whether the analyses are performed on individual or group-level networks. Biologically, the minimal overlap
in our results suggests intriguing questions for future work about the efficiency and specificity of structural
brain organization. Given the high metabolic cost of maintaining long-range axonal connections [639], it
may be that structural modules are relatively segregated, with only a minimal set of overlapping ‘bridge’
regions facilitating inter-modular communication. Of note, OSLOM identified at least one overlapping node
per structural community (with the exception of the insular network), suggesting that while rare, overlaps
are distributed across modules.

Comparing intra- and inter-module network statistics, like P and within-module z, highlighted distinct net-
work properties derived from an overlapping versus non-overlapping modular partition. Our results indicate
that the inflexibility of the Louvain decomposition—which seeks the optimal non-overlapping partition—can
‘force’ an overlapping modular structure into a single larger community in attempting to represent an under-
lying overlapping connectivity structure within the constraints of a non-overlapping partition, consistent with
prior work with functional MRI [69]. In one example of this phenomenon (Fig. 7.3.5C), the Louvain partition
consolidated regions 9m and 8BM into a singular 46-node community, with high z and low P (i.e., high
intra-modular connectivity but low inter-modular participation). We also note that enforcing a seven-module
Louvain decomposition with γ = 1.5 still placed 9m and 8BM in a singular, 32-node community. More gener-
ally, the fact that all the OSLOM-defined overlapping nodes were not distinctively concentrated in a specific
area in the zLouvain − PLouvain space underscores how non-overlapping community-detection methods can
yield suboptimal representations of the integrative, cross-module connectivity within a network structure.
In other words, properties of a hard partition (like the within-module degree or participation coefficient in
a non-overlapping decomposition) are insufficient to identify overlaps between communities. Since P is
agnostic to the specific labels ascribed to each discovered community, results obtained with this measure
do not hinge on the accuracy of community assignment by a given community detection algorithm, lending
further credence to the performance of OSLOM for the right-hemisphere structural connectome. We note
that z and P were both developed for non-overlapping community structure—thus requiring us to make
slight modifications to these algorithms to account for overlapping nodes. Future work developing network
characteristics that are readily amenable to both overlapping and non-overlapping algorithms would enable
more rigorous direct comparison between two resulting decompositions.

Our methodology and results come with assumptions and limitations that should be interpreted in the con-
text of this work. First, we consider limitations in our simulated network benchmark analysis, and proposed
future directions to address them. We assume that the generated ensemble of benchmark networks reflects
the overlapping community structure of the target empirical network, and in turn that the top-performing
OCDA on the benchmark ensemble will also perform well on the target network—such that ensemble prop-
erties are crucial to determining the ‘best’ OCDA. Moreover, we used the generative network model of
Lancichinetti and Fortunato [556], which forces a power-law degree distribution that may not be optimally
suited for many real-world networks—including the human connectome studied here, in line with previ-
ous findings [605–607]. The model also does not incorporate other types of network properties, such as
hierarchical community structure, which is a reported feature of brain-network organization [640]. In addi-
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tion, given a generative model of overlapping community structure in networks, we had to make subjective
choices about how to sample from the corresponding distribution over networks numerically. Here we
sampled from sensible ranges of the relevant parameters—including community size distribution τ2, mixing
parameters µt and µw, and the number of overlapping nodes, On—although these remain choices that can
affect the assessment of the resulting OCDAs, and could be explored more thoroughly in future work. As
more sophisticated generative network models are developed that can incorporate a larger range of topo-
logical constraints, they can readily be incorporated into our framework to allow more precise calibration of
OCDAs to target empirical data.

Second, we consider ways in which future work could extend the application of OCDAs introduced here be-
yond the scope of the present study. Future work should investigate the consistency of community detection
assignments of a given OCDA and also between different algorithms (including for different parameter con-
figurations). Similarly, we considered a hand-selected range of parameter values for each algorithm, though
future extensions of this work could fit parameters for each OCDA using a training ensemble of benchmark
networks. Such parameter tuning is likely to improve the ENMI values in general, allowing for more precise
calibration of high-performing parameter values for each OCDA to a given application. More broadly, future
work could expand beyond the five broad OCDA classes examined here to incorporate alternative methods
that warrant investigation [641–643].

Finally, we consider limitations related to our empirical structural intra-hemispheric connectome analysis,
which generally reflect issues inherent to structural connectomes estimated from diffusion MRI. Moreover,
tractography-based connectivity estimates can be biased by systematic anatomical differences between
cortical and subcortical structures, including the small size of nuclei relative to diffusion imaging voxels and
different properties of laminar organization and the gray–white matter interface [566, 644]. Limitations in re-
constructing long-range fibers also motivated our decision to focus on intra-hemispheric connections within
the right hemisphere (noting highly similar connectomic network properties between the two hemispheres,
such that this choice was arbitrary and unlikely to affect results). Indeed, it is relatively common prac-
tice in structural connectomics to analyze each hemisphere separately—or focus on a single hemisphere
altogether—to improve anatomical reliability [28, 567–570]. However, this precluded our ability to examine
homotopic and other inter-hemispheric connections, both of which are core components of brain organiza-
tion [605] (and contribute to dysfunction in diverse pathologies [552, 645, 646]). Therefore, extending these
analyses to networks that incorporate inter-hemispheric connections in the cortex, subcortex, and cerebel-
lum represents an important direction for future work to characterize the distributed modular architecture on
the scale of the whole brain [573, 647].

Indeed, the seven distinct modules identified by OSLOM in the present study are generally spatially contigu-
ous, with the exception of the ‘Visual’ and ‘Ventral attention and visual stream’ networks. Moreover, all of
the overlapping nodes sit at the spatial interface between their constituent and adjacent structural commu-
nities, suggesting they form connectivity ‘bridges’. This finding is consistent with similar findings reported
in the macaque structural connectome [538]; however, future work should investigate whether this spatial
contiguity in overlapping nodes arises from general biological patterns of brain organization and/or from the
inherent contiguity of the specific parcellation atlas analyzed. For example, we applied the multimodal par-
cellation from Glasser et al. [564], motivated by its strong neurobiological validity in integrating properties
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of local microstructure and global functional activity to delineate contiguous cortical regions. However, the
use of any specific parcellation imposes spatial and topological constraints on network analyses; in par-
ticular, Bijsterbosch et al. [648] highlighted how the choice of parcellation scheme can influence resulting
patterns of (functional) connectivity and network topology.

On a related note, we found that the average overlapping node occupies significantly more cortical surface
area than the average non-overlapping node. A larger surface area can lead to an increased number of
streamlines assigned to that region in the tractography estimation process [606, 649], and the overlapping
regions do indeed have a higher degree on average. However, both region size and parcellation atlas can
affect nodal statistics and the spatial location of overlapping regions within the brain [650, 651]. To more
precisely resolve these biological and methodological questions, future work should extend our analyses
using alternate parcellation schemes—including those defined specifically based on structural connectiv-
ity [29] or the intrinsic geometry of the cortex [3]—to assess the robustness of spatial patterns in overlapping
community structure.

The method introduced here can be used to tailor overlapping community detection methods to network
data, facilitating the additional insights that OCDAs can provide to diverse application areas. In our ap-
plication to the human cortical connectome, our results highlight the importance of uncovering meaningful
overlapping network partitions that better capture how the brain balances functional integration and segre-
gation on a static backbone of structural connectivity. Future work could map out such a space for empirical
networks with overlapping modular structure [652, 653] to more comprehensively characterize which parts
of network space are best suited to which OCDAs. With this work, we also provide a comprehensive and
extendable code base for overlapping community detection, which we hope will be expanded upon in fu-
ture work, incorporating improvements in both new types of overlapping community-detection algorithms
(including those that incorporate higher-order interactions [613]) and in overlapping benchmark network-
generating algorithms.
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8
Conclusions and Future Directions

Tuition is valuable, but you know what’s invaluable? Intuition.
Michael Scott, The Office, Season 6 Episode 12

8.1 SUMMARY OF CONTRIBUTIONS

The main content presented in this thesis consists of six chapters, each designed to contribute to the 
overarching goal of developing accessible and interpretable methods for quantifying dynamical properties 
of brain activity using interdisciplinary methods from complex systems analysis. Chapter 2 introduced the 
theoretical motivation and practical implementation of diverse statistical formulations for local dynamics and 
pairwise interactions that are applied throughout subsequent chapters of this thesis. We expanded upon the 
conceptual basis for these methods in Chapter 3, where we introduced and applied a systematic framework 
for characterizing pairwise interactions using hundreds of measures implemented in pyspi, a unified and 
open-source Python package. The benefits of this highly comparative approach were then demonstrated 
in Chapter 4, where we applied the pyspi library to systematically evaluate and interpret candidate neural 
correlates of conscious visual perception.

In Chapter 5, we extended the comparative ethos of the preceding chapters to integrate representations 
of local dynamics and pairwise coupling together in one comprehensive yet interpretable framework for 
resting-state functional magnetic resonance imaging (fMRI) analysis. Our systematic comparison of 
five different representations of resting-state fMRI dynamics, each with increasing complexity, validated 
the use of measures sensitive to linear activity and coupling, and also highlighted the benefits of 
combining functional connectivity with local dynamics—the latter of which performed surprisingly well in 
distinguishing schizophrenia and bipolar I disorder cases from controls. This notion of comparing across 
levels of com-ponent granularity carried through to Chapter 6, in which we demonstrated how the 
strength of functional coupling between a region and its mirror homolog was tightly associated with its 
overall functional connec-tivity strength within and across hemispheres (as quantified with nodal strength). 
Finally, in Chapter 7, we established a comprehensive methodology to tailor the optimal overlapping 
community detection algorithm (OCDA) and parameter configuration for a given empirical network, in this 
case the structural connectome of the right-hemisphere cortex. We demonstrated how this approach can,  
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in turn, highlight biologically meaningful communities in the intra-hemispheric structural connectome, 
bridged by several overlapping regions that generally sit towards the higher-order association end of the 
principal gradient of functional connectivity.

8.2 UNIFYING COMPLEX METHODS WITH VISUALS AND ACCESSIBLE LAN-
GUAGE: CONTRIBUTIONS OF CHAPTERS 1 AND 2

In the introductory chapter of this thesis (Chapter 1), I provided a general overview of interdisciplinary meth-
ods for characterizing dynamical properties of the brain as a complex system, emphasizing the importance 
of accessible language and visuals to bridge the gap between different theoretical traditions. The aim of 
this chapter was to establish fundamental concepts and definitions for the remainder of this thesis, providing 
an integrative complex-systems perspective to enable researchers across disciplines to navigate this vast 
methodological landscape when interpreting brain dynamics. This motivating aim was carried through to 
Chapter 2, in which we depicted and discussed the theoretical underpinnings and practical implementation 
of diverse statistical formulations based on information theory. Specifically, we presented a  novel unified 
framework for information-theoretic time-series measures, discussing both theoretical motivation and prac-
tical implementation to capture information storage and flow within neural time series. Together, 
these first two chapters established a  visually-focused and interpretable foundation for distilling salient 
features of a given multivariate time series (MTS) dataset, which is then directly put into practice 
throughout the remainder of the thesis.

8.3 SYSTEMATICALLY COMPARING MEASURES OF PAIRWISE INTERAC-
TIONS: CONTRIBUTIONS OF CHAPTERS 3, 4, AND 5

In Chapter 3, we expanded upon the theoretical groundwork built in Chapters 1 and 2 with the pyspi library,
which provides a unified algorithmic implementation of over 200 measures of pairwise interactions for MTS
data (284 as of August 2025, and growing)—including those based on spectral analysis, information the-
ory, and distance-based alignment. Of note, the neuroimaging case studies presented in Chapter 3 were
designed to demonstrate the utility of the pyspi library in practice, rather than to provide a deep biologi-
cal interpretation of the results. However, in addition to our own applications in subsequent chapters, the
pyspi library has already played a vital role in quantifying complex pairwise interactions in the brain among
external research groups investigating seizure dynamics [654] and macroscopic properties of cortical or-
ganization in health [655] and disease [656]. Clarifying the relative strengths and similarities of different
measures of pairwise interactions provides a foundation for future work to extend and develop new theory.

Importantly, the spatial and temporal scales at which neural activity is measured dictate the types of pairwise
interactions that are optimally suited for a given application. We found several alternative measures that
outperformed the Pearson correlation coefficient in distinguishing naturalistic film viewing from resting-state
fMRI; however, more generally, no single measure of pairwise interactions outperformed all others across all
three classification case studies presented in Chapter 3 (smartwatch actigraphy data; EEG while modulating
cortical ‘up’ or ‘down’ states; and fMRI at rest or during naturalistic film viewing). This finding is reminiscent
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of the ‘no free lunch’ theorem in machine learning [93, 232], which suggests that no single aspect of statisti-
cal coupling will be universally optimal across all tasks. However, our results did suggest a middle ground of
generalizability: while the number-one performing measure varied across the three classification case stud-
ies, relaxing the scope to the top ten measures per problem identified common top-performing measures,
such as the cross-distance correlation [657]. Collectively, there are two key benefits to this approach—first,
this represents a systematic method to identify the most informative type(s) of pairwise interactions for a
given dataset, which may be the end goal of a given analysis. Second, this approach can be applied in a
meta-comparative way to identify families of measures that perform well across a range of problems, which
can then be used to inform future theoretical developments and applications. Altogether, findings from
Chapter 3 indicate that highly comparative frameworks like pyspi are powerful to distill the most informative
type(s) of pairwise interactions based on the specific dataset and research question at hand.

The benefits of this highly comparative approach to pairwise interactions were directly demonstrated in
Chapter 4, in which we applied the pyspi library to address an open problem in consciousness science:
identifying, and theoretically interpreting, candidate neural correlates of conscious visual perception. Our
comprehensive comparison in magnetoencephalography (MEG) data, which was the most extensive to
date, examined 246 measures of functional connectivity from the pyspi library across brain regions hypoth-
esized to drive conscious visual perception by one or both of two theories of consciousness, Global Neu-
ronal Workspace Theory (GNWT) [191, 192] and Integrated Information Theory (IIT) [189, 190]. We found
that a family of barycenter-based measures yielded particularly strong stimulus decoding performance in a
way that generalized across both theories’ predictions, outperforming more conventional measures typically
used for MEG analysis, such as the pairwise phase consistency [200] or power envelope correlation [201,
202]. However, even the barycenter-based methods exhibited marked variability in classification perfor-
mance across different experimental parameters, including stimulus types, relevance types, and region–
region pairs. This result connects with the point raised in Chapter 3 that these systematic comparisons
can identify general classes of measures that are particularly well suited to a given imaging modality and
application, rather than a single measure that is optimal across all contexts.

8.4 EXPANDING ACROSS MULTIPLE SCALES OF DYNAMIC INTERACTIONS:
KEY FINDINGS FROM CHAPTERS 5, 6, AND 7

In the first chapter, I introduced the concept of analyzing brain activity at multiple levels of component gran-
ularity, from local dynamics to pairwise interactions and distributed network activity. As with any complex
system, the brain can be understood as a hierarchy of interacting components, in which each scale exhibits
its own unique dynamics that interface in a bidirectional and nonlinear manner. Chapters 3 and 4 infused a
highly comparative approach to pairwise coupling, which is a key component of this multi-scale framework.
However, one of the core aims of my thesis was to develop and apply a systematic framework for quantifying
dynamical properties of the brain at multiple levels of component granularity. This goal motivated the work
presented in Chapters 5, 6, and 7, each of which bridged across levels of component granularity to deeply
characterize brain dynamics in both health and disease.

As described in the introduction to Chapter 5, researchers face a ‘statistical smorgasbord’ of options when
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it comes to extracting feature-based representations of the brain’s dynamical structure from a structural
and/or functional neuroimaging dataset. This chapter introduced a methodological foundation for systemat-
ically invoking informative features from a rich interdisciplinary literature on time-series analysis, built upon
five distinct representations of resting-state fMRI dynamics—from focusing on localized dynamics of a sin-
gle region at a time to combining whole-brain maps of local dynamics and pairwise coupling. One of the
most noteworthy findings in this chapter was the relatively strong performance of local (intra-regional) dy-
namics in distinguishing cases from controls, especially in schizophrenia and bipolar I disorder. This point
was surprising since many in the field focus more on functional connectivity, owing in part to the hypothe-
sis that neuropsychiatric disorders arise from distributed alterations rather than localized dysfunction [249,
272, 274, 275]. However, prior characterizations of local dynamics have generally been constrained to a
small subset of measures, such as fractional amplitude of low-frequency fluctuations (fALFF) [4, 5], regional
homogeneity (ReHo) [6], or voxel-mirrored homotopic connectivity (VMHC) [7], whereas our approach eval-
uated a broader range of diverse univariate time-series features. Taken together, these findings reaffirm the
importance of local dynamics in characterizing the brain’s dynamical structure, in both basic and transla-
tional neuroscience.

As a first foray into combining these two scales in a systematic way, we used the simplest method of con-
catenating feature vectors comprising local dynamics and pairwise coupling into a single input vector per
classifier—leaving the door open for future work to explore more sophisticated ways of combining these
two scales of interaction. For example, novel data fusion techniques have emerged to handle nuanced
issues with heterogeneous input data types into one classifier [40, 41]. With our simple concatenation
approach, we reported in Chapter 5 that combining local dynamics with pairwise coupling improved the
case–control classification performance of all 14 evaluated functional connectivity measures, even elevat-
ing the performance of several measures that were not statistically significant when used in isolation. This
suggests that a representation sensitive to both local dysfunction and spatially distributed changes in func-
tional connectivity networks is particularly informative for characterizing brain dynamics in neuropsychiatric
disorders—consistent with our view of the brain as a complex system, in which local dynamics and pairwise
interactions comprise related yet fundamentally distinct processes. Beyond the neuropsychiatric disorder
case study presented in Chapter 5, this comprehensive yet interpretable approach has broad applicability
to a variety of domains, given its generalizability to complex time-varying systems as a whole. For example,
in Chapter 1, I introduced several other types of complex systems that share dynamical similarities with the
brain: financial systems, ecological food webs, and social networks.

The information-theoretic foundation established in Chapter 2 and empirically implemented in Chapter 3,
together with the highly comparative approach to pairwise interactions in Chapter 4 and local dynamics in
Chapter 5, set the stage for the work presented in Chapter 6. In this chapter, our aim was to map the directed
flow of information in the human cerebral cortex with measures such as directed information or transfer en-
tropy, which capture time-lagged and nonlinear coupling between regions. We constrained our spatial scope
to homotopic region–region pairs as a starting point, grounded in a deeply robust biological phenomenon.
Interestingly, comparing across over 200 measures from the pyspi library (Chapter 3) revealed that these
more complex measures of functional connectivity captured highly similar properties of coupling to the sim-
pler Pearson correlation coefficient. Guided by the motivation of methodological parsimony, we therefore
progressed with the Pearson correlation coefficient for the remainder of the project presented in Chapter 6,
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which focused on mapping biological correlates to the spatial variation in homotopic functional connectivity
(HoFC) across the human cerebral cortex. While it was beyond the scope of this chapter to investigate
directly, we note that the intrinsic neural timescale co-varies along the cortical sheet with the anatomical
hierarchy [9, 658], and that homotopic region–region pairs are more likely to exhibit similar timescales than
non-homotopic pairs [41]—which might explain why nonlinear, time-lagged measures like transfer entropy
and directed information yielded very similar connectivity values to the Pearson correlation coefficient in this
context. It would be interesting to investigate this further in future work, and to quantify the extent to which
linear versus nonlinear measures of functional connectivity ‘de-couple’ as the timescale of neural activity
diverges between region–region pairs in general.

Results from this chapter demonstrated that HoFC is a surprisingly robust phenomenon that is conserved
across two distinct cohorts, including a subgroup of individuals with schizophrenia, bipolar I disorder, and
attention-deficit hyperactivity disorder. This is noteworthy given the extent to which resting-state functional
connectivity varies across individuals [490], and even more so in the context of neuropsychiatric disor-
ders [491]. Previous work has shown that HoFC is a temporally stable phenomenon within individuals [404,
405], such that this presents an exciting avenue with which to investigate both similarities and differences
in HoFC across individuals in different populations. The lack of an association with structural connectivity
(including in a separate robustness analysis) is also surprising, given the hypothesis that HoFC is mecha-
nistically supported by direct monosynaptic connections via the corpus callosum. However, these two points
are in fact not mutually exclusive: while the sheer quantity of white-matter tracts does not appear to relate
to HoFC magnitude across the cortex, intrinsic qualities of the tracts may be more relevant. I would hypoth-
esize that polysynaptic non-callosal connections (possibly via subcortical structures) could also potentially
account for the lack of observed association between HoFC and (direct) anatomical connectivity. This is a
promising avenue for future work, and accordingly warrants hypothesis-driven follow-up research.

We also found in this chapter that the spatial variation in HoFC is associated with both thalamic functional
connectivity and transcriptomic expression of intra-telencephalic layer 5B pyramidal neuron marker genes,
the latter of which are developmentally vital for establishing interhemispheric connections [477–479, 482,
483]. It was beyond the scope of this chapter to investigate these associations in detail, but together
they suggest that common subcortical drive (especially from the thalamus) might mechanistically support
homotopic coupling [51, 404, 472, 486]. In a similar vein, we found that homotopic coupling was closely
related to overall functional connectivity strength both within and across hemispheres. This suggests that
resting-state HoFC and global functional connectivity may be related, and that the dominance of both HoFC
and global synchrony decrease with ascending position along the anatomical hierarchy of the cortex. While
beyond the scope of this chapter, I would hypothesize that the spatial variation in both HoFC and global
synchrony may arise in part from varying contributions of subcortical drive to regional dynamics—and that
the nature of homotopic coupling can take different forms, from direct communication between regions
to independent activation from a common external input. For example, Markicevic et al. [43] noted that
unimodal regions receive fewer overall inputs (primarily feedforward subcortical projections) and were more
sensitive to experimental stimulation of the mouse basal ganglia than transmodal regions, for which thalamo-
cortical projections comprise a smaller proportion of overall inputs. This finding suggests that future work
investigating HoFC should endeavor to disentangle direct communication between homotopic region–region
pairs from shared subcortical drive propagating in parallel, to clarify the potential thalamic contributions to
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resting-state HoFC.

To complete the arc of this thesis, in Chapter 7 we pointed the highly comparative lens at distributed net-
works constructed from pairwise anatomical connectivity, with the aim of systematically evaluating the ability
of different overlapping community detection algorithms (OCDAs) to infer overlapping community structure
in the cortical connectome. As noted in the discussion in Chapter 7, since each OCDA inherently makes
different assumptions about network organization, no single OCDA is expected to be universally optimal
across all empirical networks—which links back to the ‘no free lunch’ theorem, introduced above in re-
gard to functional connectivity measures compared across different consciously perceived stimulus types in
Chapter 4. To our knowledge, our examination of overlapping community detection in the human structural
connectome in Chapter 7 is the first of its kind, against a backdrop of mounting interest in the overlapping
community structure of functional connectomes [69, 539–547]. Indeed, this approach opened up a new
avenue for investigating the structural organization of the human connectome, allowing us to quantitatively
explore interesting biological hypotheses that can only be supported through an analysis that embraces an
overlapping representation.

For example, we hypothesized that the fifteen regions which the top-performing OCDA (OSLOM) assigned
to multiple modules (out of seven overall) may serve a more integrative function rather than unimodal spe-
cialization. We tested this hypothesis by comparing two independent properties of network structure: (1)
the value of the first principal gradient of functional connectivity (PG1) per region, which was introduced
in Chapter 6 as a measure from Margulies et al. [414] that organizes regions along an axis of functional
connectivity from primary unimodal regions (lower PG1) to higher-order association cortices (higher PG1);
and (2) the participation coefficient of each region, which is a network topological measure that summarizes
the extent to which that region is anatomically connected across all other communities. We found a posi-
tive correlation between the participation coefficient and PG1 for the fifteen overlapping nodes identified by
OSLOM, but not for the non-overlapping Louvain decomposition—consistent with the interpretation that al-
lowing flexible overlap among communities can more organically capture how the brain balances functional
integration and segregation, anchored in the fixed topology of anatomical wiring. This work therefore of-
fers a novel contribution to the literature on community detection in the human connectome, with promising
implications for future work to expand upon some of the key biological insights uncovered in Chapter 7.

8.5 NEW HORIZONS: LIMITATIONS AND NEXT STEPS FROM THIS THESIS

This thesis has made several contributions to the field of computational neuroscience, and in complex
systems analysis more broadly, through the development and application of a systematic framework for
quantifying the brain’s dynamical structure across scales of interaction. As with any scientific endeavor,
there are limitations to the work presented here that inspire exciting avenues for future research going
forward, which I will now summarize.
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8.5.1 FROM THEORETICAL RELATIONSHIPS TO SYSTEMATIC QUANTIFICATION: EXTEND-
ING THE WORK IN CHAPTER 2

Connecting theoretical relationships between neural processes with systematic quantification of empirical
data formed a central tenet of this thesis. Indeed, this was a key motivation for the review presented in
Chapter 2—as well as our comprehensive examination of functional connectivity measures for visual stimu-
lus decoding in Chapter 4. The review of information-theoretic time-series measures in Chapter 2 introduced
the theoretical underpinnings and practical implementation of diverse measures, pointing out similarities be-
tween measures (based on underlying theory and/or resulting values in the empirical case study) ad hoc.
By including only one participant for our illustrative case study, we were constrained to a qualitative review
of the theoretical relationships between measures, such that a natural next step would be to systematically
compare the statistical relationship between measures across a broader pool of participants and anatomical
connections. More broadly, to complement empirically observed neuroimaging data, future work could also
incorporate model-simulated brain networks with parametrically-varying relationships between measures to
better characterize the dynamical regimes in which different measures co-vary [204].

8.5.2 COMBINATORIAL EXPLOSIONS: STATISTICAL POWER LIMITATIONS AND FUTURE
DIRECTIONS IN CHAPTERS 3, 4, AND 5

With great scope of time-series measures in a given highly comparative library comes the potential for
combinatorial explosion, a consistent challenge across multiple chapters of this thesis. The small sample
sizes inherent to human neuroimaging studies limits the statistical power, with overfitting a particularly
important consideration [659, 660]. To mitigate this, even within a single level of component granularity, the
number of measures examined needs to be carefully balanced with the number of brain regions included
in a given analysis. These three key axes that each contribute to feature dimensionality—the number of
measures, the number of regions, and the component granularity—are depicted schematically in Fig. 8.5.1.

Throughout this thesis, each chapter has found a unique balancing point along these three axes, typically
by constraining at least one (if not two) axes in order to more fully explore the third, depending on the
specific question at hand. For example, in Chapter 3, we intentionally focused on applied neuroimaging
case studies with only 6 (EEG) or 7 (fMRI) brain areas measured, and in Chapter 4, we constrained our
analysis to four brain regions collectively hypothesized to drive conscious visual perception by IIT and/or
GNWT. These spatial constraints, together with exclusively focusing on pairwise interactions, allowed us to
systematically compare across over 200 measures in the pyspi library in a computationally tractable and
statistically appropriate manner, although this also meant that the majority of cortical activity and interactions
were beyond the scope of our analysis.

By contrast, in Chapter 5, we relaxed the spatial constraint to include all cortical regions across the clin-
ical groups (including subcortical regions for the UCLA CNP cohort) and instead focused on a subset of
time-series features sensitive to local dynamics (25 features) and pairwise coupling (14 features), allowing
us to thoroughly map disease-related changes to regional and distributed brain activity across the whole
brain. These feature subsets were both identified based on minimal redundancy across a wide variety
of time-series datasets, though neither were specifically tailored to neuroimaging applications; for exam-
ple, the catch22 feature set was selected according to overall classification performance across 93 diverse
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univariate time series datasets (including yoga pose angles and beef spectrograms) [351]. We were not
able to test whether an alternative measure(s) to those included in these two subsets could better capture
disease-related perturbations to dynamical structure, which is especially relevant given the known biological
heterogeneity in neuropsychiatric disorders [352].

Figure 8.5.1: The total dimensionality of the feature matrix can grow exponentially with the component gran-
ularity, number of regions, and number of time-series measures considered. The total number of features in the
feature matrix depends on three factors. (1) The component granularity: local activity, pairwise coupling, or distributed
networks; (2) The number of regions considered: this could be one region, a handful of regions, or all regions in a
given parcellation and/or segmentation; and (3) The number of time-series features considered: this could be one
measure, a handful of measures, or all measures in a given feature set—which is in the hundreds for pyspi and the
thousands for hctsa. Here, we use each shaded brain to represent a different feature.

Collectively, this measure–region tradeoff remains an ongoing challenge in highly comparative time-series
analysis for neuroimaging and beyond. With increasing position along the continuum of component gran-
ularity, introduced in Chapter 1 and depicted schematically in Fig. 8.5.1, the dimensionality of the result-
ing feature matrix also increases exponentially. Moreover, while beyond the scope of this present thesis,
higher-order interactions are increasingly quantified in the computational neuroscience literature, which fur-
ther exacerbate the potential combinatorial explosion. This is not an insurmountable challenge, though,
and there are opportunities for future work to pave the way for principled approaches for combining highly
comparative time-series feature libraries with hierarchical representations of the brain’s dynamical structure.
For example, the same team that developed the catch22 library recently introduced a new feature subset,
catchaMouse16 [661], which tailored the much broader hctsa library specifically to functional neuroimaging
data in the mouse brain. Both feature sets were derived in a data-driven manner to minimize redundancy
while maximizing the information captured by each feature, with an approach that can be readily extended
to other imaging modalities and species in the future. Such an extension could be particularly valuable
for translational neuroscience, with the aim of developing a data-driven nosology [354] to identify disorder

162



Chapter 8 Annie Gilmore Bryant

subtypes characterized by distinctive dynamical profiles [353].

The catchaMouse16 method represents one option for feature selection, which is part of a broader class
of techniques to reduce the dimensionality of a feature space while retaining the most informative features.
Future work could systematically evaluate other dimensionality reduction approaches, including regulariza-
tion techniques (such as the graphical lasso [344]), similarity network fusion [41, 345], or condensing region
pairs into canonical functional networks [185]. Incorporating these approaches into the highly comparative
framework presented in this thesis would allow researchers to extend beyond the finite set of represen-
tations considered here. For example, in Chapter 4, we focused exclusively on one level of component
granularity—pairwise coupling—in part due to aims of the COGITATE challenge, but also because the num-
ber of measures in the pyspi library is already quite large. However, combining across different levels of
component granularity, from local to higher-order, could more fully elucidate properties of neural activity driv-
ing a complex biological phenomenon like conscious visual perception. Similarly, in Chapter 5, we defined
five distinct representations of resting-state fMRI dynamics, from local to pairwise to distributed network
activity, which allowed us to systematically survey across representation types. Within each representation,
we only considered a subset of measures in order to mitigate the combinatorial explosion, and there are
also many other ways to represent neural activity that could be explored in tandem with appropriate dimen-
sionality reduction techniques. Future work could extend beyond contiguous and localized ‘brain regions’
to consider properties of other spatiotemporal patterns, including spirals and traveling waves [348, 349] or
spatially distributed modes [27, 28, 30, 31].

8.5.3 EXAMINING INDIVIDUAL HETEROGENEITY IN CLINICAL POPULATIONS: NEXT STEPS
FROM CHAPTERS 5 AND 6

Chapters 5 and 6 both examined alterations to the brain’s dynamical structure in distinct neuropsychiatric
disorder populations. For the analysis structure in these two chapters, we chose to focus on group-level
differences between cases and controls for each disorder separately—though we did also briefly examine
cross-disorder classification with a multi-class support vector machine (SVM) as a supplementary analysis
in Chapter 5, which yielded lower overall balanced accuracy but a similar trend of relative time-series fea-
ture performance compared to the main analysis. However, mounting evidence suggests that these clinical
groups exhibit alterations to neural dynamics that are heterogeneous and patient-specific [319, 339, 340],
such that consolidating individuals into a single clinical group may obscure important individual differences.
This issue is further compounded by diagnostic variability, arising from a confluence of factors including
patient heterogeneity [257, 258] and inter-rater reliability issues [259, 260] that complicate the clinical di-
agnosis of psychiatric disorders based on behavioral criteria [119]. Collectively, while the approaches and
insights introduced in this thesis are a step towards systematically quantifying the brain’s dynamical struc-
ture in a translational setting, future work could incorporate techniques that preserve individual differences,
such as normative modeling [341, 662].

8.5.4 TASK-EVOKED DYNAMICS: FUTURE OUTLOOK FROM CHAPTERS 3, 5, AND 6

Much work in this thesis focused on resting-state brain dynamics with BOLD fMRI, which typically involves
several minutes of continuously acquired data in the absence of an explicit task. The brain exhibits a
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nonlinear dynamical structure, such that small changes with a given input can give rise to large changes 
in the output, including chaos, oscillations, and bifurcations [663, 664]. However, prior applications of the 
hctsa library to MEG [239] and fMRI [83] data have shown that linear properties of local dynamics tend to 
dominate the principal brain-wide axes of temporal variation of the brain at rest. Moreover, findings from 
this thesis (i.e., Chapters 5 and 6) suggest that the Pearson correlation coefficient can be better suited 
to capture informative resting-state dynamical structure from fMRI data than more complex measures 
of pairwise coupling, depending on the specific application. This is consistent with recent comparative 
modeling work demonstrating that at the macroscale, resting-state brain dynamics are best approximated 
with a linear autoregressive model [73, 74]—with several potential explanations, including spatial and/or 
temporal smoothing that are inherent to macroscale neuroimaging methods such as MEG and fMRI.

Collectively, emerging work suggests that in the resting state, without a task-evoking input, the brain’s 
dynamics are closer to an equilibrium, around which the governing dynamics are approximately linear [75, 
665, 666]. Nozari et al. [74] further posit that task conditions are considerably more likely to yield observable 
nonlinear dynamics, even in macroscopic neuroimaging modalities like MEG and fMRI. In light of this, 
a natural extension of the work presented in this thesis would be to apply the systematic framework for 
quantifying the brain’s dynamical structure to task-evoked data—as in Chapter 4, which focused on neural 
activity while viewing supra-threshold visual stimuli at a relatively short timescale (1 second). MEG is 
particularly well suited to this type of analysis, given its high temporal resolution and ability to capture fast 
task-associated neural dynamics. Methodologically, such high temporal resolution is inherently well suited 
to the current time-series feature computation frameworks embedded in hctsa [89, 90] and pyspi [92], both 
of which are designed for continuous time series (ideally with 100 or more timepoints for stable estimation). 
For example, a 2.5-second MEG epoch, down-sampled to 1 Hz, yields 2,500 timepoints. The sampling 
frequency of BOLD fMRI is often several orders of magnitude lower; this issue is largely circumvented in 
resting-state scanning sequences, which typically run for several minutes (or longer).

However, task-based fMRI studies often employ a block design or event-related design (or a 
combination of the two) with a small number of frames per trial, depending on parameters including the 
repetition time (TR) and spatial coverage. For a block design, the stimulus or task is presented for a 
fixed duration (usually between 10–60 seconds), followed by a rest period of the same duration [667]. 
For an event-related de-sign paradigm, stimuli are generally presented as discrete and brief events (e.g., 
1–2 seconds each), with either a fixed or variable inter-stimulus interval between events [ 668, 669]. In 
either case, the measured activity must be convolved with the hemodynamic response function (HRF) 
to yield a stable estimate of the BOLD signal. As a result, the highly comparative time-series 
framework cultivated in this thesis should be adapted to account for the lower temporal resolution 
and non-continuous nature of task-based fMRI. Future work in this space could open up exciting 
avenues for systematically quantifying the brain’s dynamical structure in task-evoked contexts. For 
example, it would be very interesting to comprehensively quantify how cortical homotopic functional 
connectivity evolves with increasing task complexity, as it is possible that regions with relatively low 
resting-state homotopic coupling (namely, association cortices) may ramp up inter-hemispheric 
synchrony in response to a more cognitively demanding task [51, 404, 407, 504].

164



Chapter 8 Annie Gilmore Bryant

8.5.5 BALANCING INTEGRATION AND SEGREGATION: FUTURE DIRECTIONS FROM CHAP-
TERS 6 AND 7

Examining properties of distributed functional and structural connectomic networks in Chapters 6 and 7,
respectively, raised compelling questions about the balance between integration and segregation in the
brain’s overall dynamical structure. Shine et al. [670] demonstrated that the human brain’s network structure
dynamically reorganizes to traverse between states of segregation (i.e., separation into a modular structure
of distinct communities) and integration (i.e., communication between otherwise disparate communities).
While these states refer to the functional organization of the brain, these dynamics are mechanistically
supported by the structural connectome, which comprises the physical architecture of axonal connections
between brain regions. As described in Sporns [611], the structural connectome shapes information flow
between brain regions and supports an essential balance between functional segregation and integration.

We found in Chapter 6 that in the resting state, the spatial variation in HoFC magnitude was tightly coupled
to global synchrony (defined as the average functional connectivity between a given region and all others
in the brain). It was beyond the scope of this work to investigate integration specifically, though this prelim-
inary finding suggests that the extent to which a region is synchronized with its mirror homolog may relate
to its overall functional integration within and across hemispheres at rest. Future work could investigate
this relationship in more detail; for example, it would be interesting to incorporate the comparative OCDA
framework from Chapter 7 to examine whether HoFC magnitude relates to the extent of participation across
multiple functional modules, in the resting state as well as with increasing task complexity. It would also be
interesting to examine whether the relative magnitude of HoFC compared to all other functional connections
per region varies across the cortical sheet—if so, that could suggest a relative prioritization of homotopic
connections compared to all other intra-hemispheric and heterotopic connections. Additionally, given prior
evidence that both the spatial variation in HoFC magnitude [7] and the functional integration–segregation
balance [671] both evolve with development, it would be informative to compare these two properties across
the lifespan, from early childhood through older adulthood.

Since the structural connectome contributes a physical backbone for functional connectivity, our findings in
Chapter 7 invite further investigation into the functional role(s) of a node that is assigned to multiple mod-
ules based on anatomical connectivity. Bijsterbosch et al. [546] recently explored a spectrum of plausible
roles for overlapping nodes in the functional connectome, including mixing (characterized by a spatially het-
erogeneous area with ‘interdigitation’ of neuronal populations belonging to distinct communities), switching
(communicating exclusively with one network at a time), and coupling (serving as an integrative hub that
exhibits additive or multiplicative coupling). It would be interesting to extend this framework to the struc-
tural connectome, particularly in light of our findings in Chapter 7 that the fifteen overlapping nodes were
fairly evenly distributed across the right-hemisphere cortical sheet and assigned to two modules each—with
the exception of the retrosplenial cortex (RSC), which was assigned to three, consistent with its dense
inter-network connectivity [626] and integrative sensory roles [627, 628].

One final point to note from Chapter 7 is that the seven structural communities were largely spatially con-
tiguous (which is similar to findings in the macaque structural connectome [538]), and the fifteen overlapping
nodes each sat at the spatial interface of the two (or three) modules to which they were assigned. Interest-
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ingly, previous work has suggested that higher-order integrative regions like PFm and PFs, which OSLOM 
assigned to two structural communities each, act as important functional and cytoarchitectonic transition 
zones between adjacent brain regions [623, 624]. Moreover, the top-performing OCDA (OSLOM) inferred 
at least one overlapping region per structural community, barring the insular network, which suggests that 
overlaps are sparse yet well-distributed across modules. Given the high metabolic cost of developing 
and maintaining longer inter-modular axonal connections [639], this raises intriguing follow-up questions 
about how the brain’s structural connectome inherently strikes a delicate balance between integration and 
segregation in its overlapping modular architecture.

8.6 FINAL REMARKS

This thesis has presented a systematic framework for quantifying the multiscale dynamical structure of 
the human brain using a highly comparative approach, with a focus on unifying interdisciplinary methods 
through both theoretical and empirical lenses. In treating the brain as a complex system, this thesis has ex-
plored multiple levels of component granularity, including local dynamics, pairwise coupling, and distributed 
network activity. Across diverse applications, from neuropsychiatric disorder classification to analyzing net-
work topology in the human connectome, this thesis has demonstrated the benefits of comprehensively 
comparing measures within and across representations to distill the most salient properties of the brain’s 
dynamical structure for a given application. This work was guided by my overarching motivations for this 
thesis, which blended rigorous statistical analysis with methodological parsimony and accessible language, 
with the aim of bridging the gap between interdisciplinary theory and practical implementation in computa-
tional neuroscience. Taken together, this thesis suggests exciting new directions for future work to systemat-
ically quantify multiscale brain dynamics to address a multitude of biologically compelling questions in both 
basic research and clinical neuroscience—such as characterizing individualized neural dynamics across 
disorder subtypes, examining the mechanistic underpinnings of inter-hemispheric coupling, and exploring 
the evolving balance of integration and segregation in the human connectome across the lifespan.
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Having introduced our classification of the eleven information-theoretic time-series measures through a schematic 
depiction (Fig. 3) and tabular overview (Table 1), we now turn to cover each measure in more detail, including a 
focus on our applied fMRI case study. Subsequent sections are intended to serve as in-depth reference material 
for the reader interested in a particular measure(s). We begin by examining the first class of measures, which are 
single-process and order-independent—meaning they capture properties of a signal’s distribution that do not depend 
on temporal structure.

1 Single-process, order-independent measures

In this section, we introduce measures that capture properties within a single time series and are independent of the 
temporal ordering. In other words, the values of the time series could be shuffled along the time axis, and the values 
of these measures would not change, as they capture properties of the underlying distribution.

1.1 Entropy

186

Figure 5. Entropy. Entropy quantifies uncertainty in probability distribution for the univariate process X or Y , with higher values
indicating greater unpredictability in the measured time series. The histograms for the probability distributions across realizations
(x and y) demonstrate the order-independent nature of entropy computation. The mathematical form for H(X) and H(Y ) is
provided on the right and discussed in Sec. 1.1.

1.1.1 What (does this measure capture):187

Entropy—by which we refer to ‘Shannon entropy’ [1]—measures the degree to which the observed values from our188

time series, from which the probability distribution is composed, is surprising. More formally, the entropy of the189

distribution of a given process is an order-independent measure of the apparent randomness or variability exhibited190

across time series values, without considering temporal structure or other variables [3]. From another perspective,191

it can be interpreted as the average uncertainty in predicting the value of this variable, again without taking other192

information into account.193

1.1.2 How (is this measure computed):194

Let X be a random variable representing the values taken at individual time points in a time series (i.e., the195

distribution over time). As schematically depicted in Fig. 5, the entropy—with notation H(X)—-is then defined196
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1.1 Entropy

as:197

H(X) = −
∑

x∈X

p(x)logp(x) , (1)

which takes a weighted sum (over the probability p(x)) of the surprise or Shannon information content, − logp(x)198

[1], for each possible value x that the random variable X may take over time. Here, the log may be taken with any199

base, with the base simply determining the units of the measure. For discrete-valued variables, base 2 is typically200

used, in which case the units are in ‘bits’ [1]. Alternatively—by default when no base is indicated, and more often for201

continuous-valued variables (as defined in the next section)—one may use the natural logarithm with base e (such202

that the units are therefore in ‘nats’ [1]). For the remainder of this piece, we will work with the natural logarithm in203

units of ‘nats’. The Shannon entropy, as defined in Eq. (1), is non-negative. When applied to a single variable out204

of a multivariate set, the measure may be referred to as ‘Marginal entropy’, indicating the marginalization of the joint205

PDF applied to obtain each p(x) value.206

An important note on computing entropy in continuous space207

Here, we briefly introduce the concept of differential entropy for continuous-valued processes, which forms the208

basis for our simple illustrative fMRI analysis. When there are continuous variables in a given process (or pair209

of processes), these measures can be derived from ‘differential entropy’—a measure generalizing the Shannon210

entropy to continuous variables—given as [2, Chapter 8]:211

H(X) = −
∫ ∞

−∞
f(x) logf(x)dx, (2)

for a given random variable X, from which individual realizations are denoted with the lower-case x. Within the212

integral, the probability density function3 of x (f(x)) weights the log-probability (logf(x)), such that the differential213

entropy is an expectation function (like Shannon entropy). The limits of this integral range from [−∞,∞] in general,214

since each realization corresponds to a continuous random variable. The differential entropy has different properties215

from the Shannon entropy [2, Chapter 8]; most notably, it can be a negative quantity, which means the continuous216

distribution is more concentrated than the uniform random distribution on [0,1].217

When we compute information-theoretic measures from empirical data, we obtain an estimate (Ĥ) of an underlying218

true value (H). This requires us to, implicitly or explicitly, estimate the PDF of the distribution from which the time219

series data in realizations x of X are drawn. The JIDT (version 1.6.1) library for computing information-theoretic220

measures estimates the PDF and approximates the integral in Eq. (2) above, using one of several possible methods221

listed below which are applicable to continuous-valued variables:222

• Gaussian density estimator (gaussian)223

• Box kernel density estimator (kernel)224

• Kozachenko–Leonenko density estimator (kozachenko) [25]225

Each estimator comes with its own assumptions, benefits, and drawbacks. The simplest Gaussian density estimator226

models the PDF as, unsurprisingly, a Gaussian distribution with variance σ2, and under this model the entropy is227

given by:228

H(X) = 1
2 log2πeσ2, (3)

obtained by plugging in the PDF of the Gaussian distribution X ∼ N (µ,σ2) for f(x) in Eq. (2). The more complex229

box kernel and Kozachenko–Leonenko estimators are in contrast ‘model-free’, and approximate probability densities230

f(x) by counting other samples within various radii of each given sample x, and use these (plus perhaps statistical231

corrections) to then estimate entropy. We refer the interested reader to Lizier [15] and Cliff et al. [17] for a detailed232

discussion of the implementation and interpretation of each method.233

3Notice that here we use f(x) to capture the probability density when X is a continuous random variable, while p(x) is the notation for the
probability of a specific value from a discrete random variable.
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2.1 Joint entropy

1.1.3 Why (is this measure useful):234

Having defined the core algorithmic underpinnings of entropy, we continue to explore why it is a useful measure, with235

applications focused on computational neuroscience. If X represents the activity of a given brain region, a larger236

H(X) indicates that the activity magnitude values (e.g., BOLD fMRI signal, calcium imaging, etc.) are closer to a237

more ‘spread out’ and equiprobable distribution, so each value is more surprising on average. By contrast, a smaller238

H(X) suggests less diversity in the distribution of values in the given realization x of X (i.e., the observed period of239

that brain region) in favor of a few dominant values.240

Entropy has gained a foothold in computational neuroscience to index the predictability of localized dynamics across241

spatial and temporal imaging scales [26–28]. We turn to our simple case study example in Fig. 4A, in which we242

computed the entropy from resting-state BOLD fMRI time series for all brain regions in the left cerebral cortex of243

one individual (see ‘Methods: Examples using empirical neuroimaging data from the Human Connectome Project’244

for details). As shown on the cortical surface, we observe a narrow range of entropy values across different245

cortical regions computed with the Kozachenko–Leonenko estimator. This range spans from 1.32 nats in the246

parahippocampal gyrus to 1.48 nats in the fusiform gyrus, indicating generally homogeneous entropy values across247

the left cortex in this individual—such that all measured resting-state BOLD time series are comparably concentrated248

around the mean and contain comparable amounts of surprisal in this individual. The entropy of a single-process time249

series, which is insensitive to the time ordering, serves as a building block for more complex algorithmic quantities250

(namely, mutual information and conditional entropy) which are introduced in subsequent sections.251

2 Pairwise order-independent measures, undirected252

2.1 Joint entropy253

Figure 6. Joint entropy. Joint entropy (JE) quantifies uncertainty in the joint probability distribution for processes X and Y . The
hexagonal heatmap of two-dimensional bin counts depicts the density of values in x–y space, demonstrating the invariance to
temporal shuffling as a measure that does not depend on temporal order. The mathematical form for H(X,Y ) is provided on the
right and discussed in Sec. 2.1.

2.1.1 What:254

Joint entropy (JE) [3] quantifies the average information content—or ‘surprisal’—across all paired observations of255

two random variables, X and Y , over their full joint distribution. It reflects the total uncertainty associated with jointly256

observing both X and Y , without assuming any particular relationship between them.257

2.1.2 How:258

As schematically depicted in Fig. 6, the joint entropy between random variables X and Y is defined as259

H(X,Y ) = −
∑

x∈X

∑

y∈Y

p(x,y) logp(x,y) , (4)
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2.1 Joint entropy

where x ∈ X and y ∈ Y indicate the samples spaces of X and Y , and p(x,y) is the joint probability mass function.260

This definition generalizes the single-process entropy (cf. Sec. 1.1) by considering the joint distribution of two261

variables rather than a single one. Stricktly speaking, joint entropy would belong to our ‘single-process‘ category;262

however, here we classify it as ‘pairwise’ in order to focus on how it can be used to specifically capture the relationship263

between a pair of variables. As with single-process entropy, joint entropy is not an order-dependent measure. Of264

course, this can be fully generalized to any number of joint variables for H(X); where the boldface X denotes a265

vector comprising a multivariate time series with {X1, . . . ,XM } as individual variables corresponding to individual266

processes, and H(X) is defined as a corresponding function of the multidimensional probability distribution function267

p(x) = p(x1, . . . ,xM ).268

Similarly, we can extend the single-process differential entropy introduced in Sec. 1.1 to the multivariate case here:269

H(X) = H(X1, . . . ,XM ) = −
∫ ∞

−∞
f(x1, . . . ,xM ) logf(x1, . . . ,xM )dx, (5)

where f(x1, . . . ,xM ) is the joint probability density function (PDF) of the continuous random vector X =270

(X1, . . . ,XM ). The same estimators described in Sec. 1.1 are available for joint entropy—namely, Gaussian, box271

kernel, and Kozachenko–Leonenko. There is a special case for the Gaussian density estimator: for the multivariate272

normal distribution X ∼ N (µ,Σ) of dimension M , the differential entropy has the following closed-form expression273

(i.e., no integral needs to be numerically evaluated):274

H(X) = 1
2 log(2πe)M |Ω|, (6)

given the covariance matrix Ω (with determinant |Ω|) between its M sub-variables f(x1, . . . ,xM ). The intuition behind275

this for Gaussian multivariate distributions is that the larger the covariance among M dimensions, the more ‘spread276

out’ the distribution—and therefore, the entropy is greater. If all the M variables in X are independent, Ω is diagonal277

(i.e., all pairwise covariances are zero), and the joint entropy becomes the sum of the individual entropies.278

In empirical settings, such as when working with two observed time series, this theoretical quantity must be estimated279

from finite samples. H(X,Y ) operates in the two dimensions of realizations x and y (with the underlying probability280

distribution represented as the heatmap, using hexagons to indicate two-dimensional bin counts, in Fig. 6), summing281

over the product of the joint probability and the log-transformed joint probability for each pair of observations in x and282

y.283

2.1.3 Why:284

If X and Y represent the activity of two brain regions, the joint entropy H(X,Y ) is a measure of the shared variability285

and combined uncertainty between the two regions—providing insight into the nature of their functional coupling. A286

larger H(X,Y ) indicates that the two brain regions collectively exhibit greater diversity or variability in their combined287

states (i.e., across x−y space in the heatmap in Fig. 6). This means that, on average, each pair of x,y activity values288

is more surprising than if the time series were dominated by a small handful of repeated values, which would result289

in a more concentrated distribution in x − y space. The inequality H(X,Y ) ≤ H(X) + H(Y ) formalizes that the JE290

of X and Y is maximized only when X and Y are statistically independent—such that any deviation from this upper291

bound of H(X)+H(Y ) reflects shared structure, or redundancy, between X and Y .292

In our simple example in Fig. 4B, we compare the pairwise joint entropy (JE) between an example brain region293

of focus (lateral occipital cortex, LOC) and all other regions in the left cortex, considered one-by-one, using the294

Kozachenko–Leonenko estimator. Here, we observe the greatest JE between the caudal anterior cingulate cortex295

and the LOC, which might suggest that the caudal anterior cingulate adds maximum diversity to the LOC in this296

example fMRI dataset out of all regions evaluated. This implies that the joint behavior of these two regions is likely297

the least constrained by a fixed relationship out of all evaluated regions, indicating more independent or less coupled298

activity between the two regions. By contrast, a smaller H(X,Y ) in comparison to H(X)+H(Y ) means a stronger299

indicated dependency between measured activity in regions X and Y . In this case, the caudal middle frontal cortex300
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2.2 Mutual information

shows the lowest JE with the LOC, which could reflect redundancy in the information they encode.301

While JE has not been directly applied as extensively in computational neuroscience compared to other measures302

covered here, JE has yielded insights into inter-areal coupling from both fMRI and electroencephalography (EEG)303

time series. For example, Baseer et al. [29] computed JE to predict microsleep periods from EEG recordings,304

positing that its strong performance reflects its ability to thoroughly capture how two regions jointly traverse305

across states. Martin et al. [30] used JE as part of a maximum entropy estimation framework, analyzing fMRI306

data from Watanabe et al. [31] to show that functional brain architecture is predominantly shaped by pairwise307

inter-areal coupling (rather than higher-order interactions). As with single-process entropy, JE is a component of308

more algorithmically complex measures—namely, mutual information (Sec. 2.2), conditional entropy (Sec. 3.1), and309

stochastic interaction (Sec. 5.1).310

2.2 Mutual information311

Figure 7. Mutual information. Mutual information (MI) quantifies contemporaneous information shared between processes X

and Y —specifically for the contemporaneous bivariate case here. The Venn diagrams illustrate that this quantity is equal to the
sum of the individual entropies, H(X) and H(Y ), minus the joint entropy, H(X,Y ), which is also reflected in the mathematical
form below the diagrams and discussed in Sec. 2.2.

2.2.1 What:312

Mutual information (MI) [3] is an undirected measure of the average information that the value of one time series313

(e.g., X) provides about another (e.g., Y ), denoted I(X;Y ). This can also be phrased in that I(X;Y ) tells us how314

much knowing X reduces uncertainty about Y on average, and vice versa.315

2.2.2 How:316

MI is schematically depicted in Fig. 7 and given by317

I(X;Y ) = H(X)+H(Y )−H(X,Y ), (7)

=
∑

xϵX

∑

yϵY

p(x,y)log
[

p(x,y)
p(x)p(y)

]
, (8)

which defines I(X,Y ) as the difference between the sum of the individual entropies, H(X) and H(Y ), minus the318

joint entropy, H(X,Y ) [3] in Eq. (7). Equivalently, Eq. (8) formulates MI directly in terms of probabilities of X and Y ,319

summed across all possible values x ∈ X and y ∈ Y , where p(x,y) is the probability of the paired observations x and320

y and p(x) and p(y) are the marginal probabilities for x and y, respectively. I(X;Y ) ≥ 0, with the I(X;Y ) = 0 case321

reflecting total independence between X and Y —such that knowing X does not reduce the uncertainty about Y at322

all, and vice versa. The formulation of MI in Eq. (8) means it is a type of measure known as a Kullback–Leibler (KL)323

divergence [2, 32]. Consequently, Eq. (8) measures the deviation of the joint distribution p(x,y) from the reference324

case p(x)p(y), representing what the joint distribution would be if X and Y were independent.325

While largely beyond the scope of this review (which focuses on single-process and pairwise measures), we note326

that MI can be extended to ‘conditional mutual information’, which conditions the MI between X and Y on knowledge327
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2.2 Mutual information

of a third variable, Z. Put simply, this involves making the relevant probability functions in Eq. (8) conditional on z328

and then averaging over p(z), or formulating the conditional MI for example as:329

I(X;Y |Z) = I(X;{Y,Z})− I(X;Z), (9)

where I(X;{Y,Z}) is the MI between variable X and the joint variable {Y,Z}. We refer the interested reader to330

Cover and Thomas [2, Chapter 2] for further details and interpretations.331

A note on estimating MI for continuous-valued variables332

For continuous variables, the MI can be estimated as the sums and differences of the individual entropy terms in333

Eq. (7). Importantly, unlike differential entropy, MI for continuous variables is non-negative (much like the MI for334

discrete variables), such that MI has a consistent interpretation regardless of the variable type. While MI is generally335

a nonlinear measure, when we approximate the PDF with a Gaussian distribution (as with the Gaussian density336

estimator in JIDT [15]), it can be derived directly from the Pearson product-moment correlation between X and Y ,337

r, as338

MIGaussian = −1
2 log(1− r2) . (10)

This MI implementation assumes that the joint distribution p(x,y) is bivariate Gaussian, with linear interactions339

between X and Y . As such, MIGaussian is only sensitive to linear dependence between X and Y . However, the other340

estimators introduced thus far (i.e., box kernel and Kozachenko–Leonenko) do not make parametric assumptions341

about the underlying joint bivariate distributions, and can therefore capture both linear and nonlinear relationships342

between X and Y . There is an additional estimator available based on the method in Kraskov et al. [33]—referred343

to as Kraskov–Stögbauer–Grassberger or KSG (and denoted as kraskov in pyspi and JIDT )—building on the344

Kozachenko–Leonenko estimator with specific statistical corrections tailored for MI [34]. We refer the interested345

reader to Wibral et al. [35] and Vicente and Wibral [36] for more discussion of the Kraskov–Stögbauer–Grassberger346

method as a suitable ‘hybrid’ estimator for MI.347

2.2.3 Why:348

If X and Y represent the activity of two brain regions, I(X;Y ) captures the extent to which knowing the activity of349

one brain region (X) reduces the uncertainty (i.e., improves the predictability) of the other region (Y ), and vice versa.350

A larger I(X;Y ) indicates that the two regions share more information, implying a stronger inter-region dependence.351

By contrast, a smaller I(X;Y ) points to more independent observations in X and Y , with the two regions sharing352

minimal information with each other. The similarity between MI and the Pearson correlation coefficient (becoming a353

direct relationship with a Gaussian estimator in Eq. (10)) directly suggests MI as an alternate measure for functional354

connectivity [37]. In contrast to the Pearson correlation, though, the dependency captured by MI can extend beyond355

linear relationships, including forms like a function mapping activity of region X to region Y or complex patterns, such356

that I(X;Y ) can capture both linear and nonlinear dependence. This ability to capture both linear and nonlinear357

relationships, together with the inherently model-free nature, is a strength of MI for measuring inter-areal functional358

connectivity.359

In our simple example in Fig. 4C, we compare the MI between the lateral occipital cortex (LOC) as our region of360

focus and all other regions in the left cortex using the Kraskov–Stögbauer–Grassberger estimator. Here, we see361

the greatest MI between the left lingual gyrus and LOC, indicating that knowing the BOLD fMRI time series in the362

left lingual gyrus maximally reduces uncertainty in that of the LOC out of all regions we evaluated (and vice versa).363

By contrast, the pars triangularis exhibits the lowest MI with the LOC, which indicates that the LOC shares the364

least information with the pars triangularis relative to all other regions in this example fMRI dataset. Quantifying365

inter-regional MI has been used to link microscopic and macroscopic network properties in the macaque functional366

connectome [38] and to distinguish pediatric epilepsy cases from age-matched control using BOLD fMRI [39]. MI has367

also proven useful in characterizing region-specific brain dynamics in response to different sensory stimuli across368

modalities, including EEG, fMRI, and magnetoencelphalography (MEG) [40, 41].369
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3.1 Conditional entropy

3 Pairwise order-independent measures, directed370

3.1 Conditional entropy371

3.1.1 What:372

Conditional entropy (CE) [3] quantifies the uncertainty in the observations of one process, Y , in the context of373

simultaneously observing another process, X. CE is a directed measure, with the CE of Y given X—denoted as374

H(Y | X)—capturing the amount of remaining uncertainty in Y after conditioning on the observations of X. In other375

words, H(Y | X) tells us how much information is still needed to describe Y even when we know the observed376

values of the conditional variable X. As with entropy, joint entropy, and mutual information, the conditional entropy377

is not dependent on the order of values in X and Y , making it an order-independent measure.378

Figure 8. Conditional entropy. Conditional entropy (CE) quantifies uncertainty remaining in the probability distribution of one
process (X) after conditioning on that of another process (Y ). Both H(X | Y ) and H(Y | X) are shown as this is a directed, and
therefore asymmetric, measure. In both cases, the CE (e.g., H(X | Y )) is equivalent to the joint entropy (H(X,Y )) minus the
marginal entropy of the process upon which the CE is conditioned (H(Y )). The mathematical form is provided for both H(X | Y )
and H(Y | X) and discussed in Sec. 3.1.

3.1.2 How:379

As depicted in Fig. 8, H(Y | X) is given as380

H(Y | X) = H(X,Y )−H(X), (11)

= H(Y )− I(X;Y ), (12)

=
∑

xϵX

∑

yϵY

p(x,y)log
[

p(x)
p(x,y)

]
, (13)

= −
∑

xϵX

∑

yϵY

p(x,y) logp(y | x) , (14)

with Eq. (11) showing that H(Y | X) is computed as the joint entropy, H(X,Y ), minus the marginal entropy of X,381

H(X). This is mathematically equivalent to computing the difference between the marginal entropy of Y , H(Y ),382

minus the MI I(X;Y ), as in Eq. (12). In practice, for continuous-valued variables, CE is estimated as the difference383

between two differential entropies for the joint distribution p(x,y), with the differential entropy equation given in384

Eq. (5), minus the univariate distribution p(x), as given in Eq. (2).385

Intuitively, the resulting quantity given by H(Y |X) is the area of the Venn Diagram occupied exclusively by Y in386

Fig. 8, corresponding to the remaining uncertainty in Y after conditioning on X. It follows that H(Y | X) can387

therefore be equivalently written, as in Eq. (14), as the average uncertainty remaining in the observed realization y388

after conditioning on the observed realization x, for all x ∈ X and all y ∈ Y . Here, as in MI (cf. Sec. 2.2), p(x,y) is389

the probability of the paired observations x and y, and p(x) and p(y) are the marginal distribution probabilities for390
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4.1 Active information storage

x and y, respectively. The form of the conditional entropy as the difference between joint minus marginal entropy391

in Eq. (11) can be seen as a direct consequence of the expansion of p(y|x) (the probability distribution over which392

we are computing entropy here) from Eq. (14) using Bayes’ rule. Since CE is a directed measure, the amount of393

uncertainty remaining for Y after simultaneously observing X is not necessarily equivalent to that remaining in X394

after observing Y . While the Venn diagram circles in Fig. 8 are symmetric (for aesthetic purposes), the two processes395

can exhibit marginal entropies (H(X) and H(Y )) of different magnitudes in general—yielding two different values396

when subtracting the marginal entropy from the joint entropy.397

3.1.3 Why:398

If X and Y represent the activity of two brain regions, H(Y | X) measures how much uncertainty remains for399

the distribution of activity values in region Y given knowledge of the activity in region X. Practically speaking,400

conditional entropy treats each time point in the two brain regions individually without actually capturing any temporal401

dependence, such that it does not capture any element of forward prediction in time. A larger H(Y | X) indicates that402

simultaneously observing the activity in region X does not reduce the uncertainty in region Y by much. This exhibits403

a complementary relationship to mutual information, for fixed H(Y ), as shown in Eq. (12). By contrast, a smaller404

H(Y | X) means that there is little uncertainty remaining about the observations in region Y after simultaneously405

observing and having access to the activity values of region X. In the literature, CE has been applied to EEG406

[42, 43], fMRI [44, 45], and neural spike train time series [46] to evaluate how knowing information about activity in407

one brain area (or neuronal ensemble) increases or decreases uncertainty about activity in another brain area.408

In our simple example in Fig. 4D, we compute the CE for every cortical region in the left hemisphere (our Y in this409

example) conditioned on the lateral occipital cortex (LOC, our X in this example), using the Kozachenko–Leonenko410

estimator—in other words, taking the difference between two differential entropies. For the example of the fMRI411

activity in the entorhinal cortex, this CE would have the notation H(entorhinal|LOC). Here, we observe the highest412

CE in the left caudal anterior cingulate cortex, which indicates maximal remaining uncertainty in the caudal anterior413

cingulate even after observing the LOC activity compared to all other target regions. As noted above, this relationship414

does not automatically hold in the other direction, from caudal anterior cingulate to LOC; indeed, it is still possible415

that observing activity in the caudal anterior cingulate could reduce the majority of uncertainty remaining for that416

of the LOC. This asymmetry is important in understanding the relationship between CE and MI: they would be417

complementary as above for fixed H(Y ) if we used the LOC as Y , but not where Y is being changed. This is the418

reason why CE and MI are not perfectly complementary in this experiment—and therefore why the region with the419

highest CE after conditioning on the LOC (i.e., the caudal anterior cingulate) is not automatically the region with the420

lowest MI with the LOC (pars triangularis, cf. Fig. 4C). By contrast, the caudal middle frontal cortex exhibited the421

lowest CE after conditioning on the LOC, which suggests for this example fMRI dataset that observing the BOLD422

activity in the LOC maximally reduces the uncertainty remaining in the caudal middle frontal region. We do note423

that these two regions with the minimum and maximum CE are also the same two for JE (cf. Fig. 4B), which only424

holds as we are computing (entorhinal|LOC) and (caudal anterior cingulate|LOC) rather than the other way around425

(i.e., activity in the LOC conditioned on the entorhianl cortex or caudal anterior cingulate). In other words, the direct426

mapping of the maximum and minimum CE and JE in Eq. (11) is dependent on the conditioning directionality, as427

observed above for the MI.428

4 Single-process, order-dependent measures429

4.1 Active information storage430

4.1.1 What:431

Active information storage (AIS) [47] is a time-dependent measure that captures the amount of information actively432

in use from the past values of a time series to generate the next state. More formally, AIS quantifies information433

shared between the current time point, Xt+1, and previous time points up to memory length k (given as X
(k)
t ) for434

the time series X with length T . AIS, referred to as A(X), is the first-order component of a broader measure known435
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4.1 Active information storage

as predictive information [48], which quantifies the amount of information about the whole future of a process that436

can be found in its past—and vice versa.437

Figure 9. Active information storage. Active information storage (AIS) quantifies the amount of information shared, and actively
used, between past and future states of a process (e.g., X) to predict the future of X. This is a single-process, order-dependent
measure, equivalent to the mutual information (MI) between the past and present of the process. The mathematical form is
provided for both A(X)(k) and A(Y )(k), where k is the memory length, as discussed in Sec. 4.1.

4.1.2 How:438

As schematically depicted in Fig. 9, A(X) is given as439

A(X)(k) = I(X(k)
t ;Xt+1) , (15)

where t is a time point in the range [1,T ] and T is the total length of time series X. k denotes the memory length (i.e.,440

the number of time points prior to time t+1 considered), such that X
(k)
t = {Xt,Xt−1, . . . ,Xt−k+1}. The expression441

as I(X(k)
t ;Xt+1) indicates that the AIS is a MI (cf. Sec. 2.2) computed between the present value of X and the past442

up X up to memory length k. The value chosen for k determines the number of past time points examined, with443

A(X)(k) measuring the information storage under the assumption that the process X is a k-order Markov chain.444

Theoretically, the window length k can be set to the full length of the time series X (T ) minus one—meaning that445

the entire past of X is considered. Empirically, however, evaluating the entire past of X can become problematic446

due to computational burden (which becomes more pronounced in the case of pairwise order-dependent measures,447

discussed in subsequent sections). Moreover, when we have only a singular time series realization for X, we would448

only have single samples for the vectors X
(t)
t at each time t. One approach to address these issues is for samples449

(x(k)
t ,xt+1) across the whole time series to be utilized via an ergodic assumption to make one AIS calculation,450

A(X)(k)—rather than at each time point, t. Optimizing selection of the parameter k usually involves a trade-off451

between wanting longer k to capture more memory, while avoiding bias due to a too highly-dimensional probability452

space (see strategies detailed in [49, 50]). In contrast to a linear autocorrelation profile, A(X) captures both linear453

and nonlinear dependence, while also capturing the full multivariate dependence of the variable X on its whole454

past—rather than characterizing the pairwise dependence at each lag separately.455

4.1.3 Why:456

AIS is particularly useful in computational neuroscience to quantify the complexity and predictability of a neural457

process as it evolves through time, with higher values requiring both dynamical ‘richness’ (i.e., complex and458

informative patterns over time) and temporal predictability [51, 52]. If X represents the activity of a given brain region,459

A(X) captures how much the current activity can be predicted from that region’s past activity states. A larger value460

of A(X) means there is a stronger dependence between the region’s past and present activity values—indicating461

the activity is dynamically rich and highly predictable [52]. By contrast, a smaller A(X) suggests there is weak or no462

dependence between the region’s past and present activity values.463

In Fig. 4E, we compare the AIS (using k = 1) from BOLD fMRI time series in all regions in the left cortex from one464

Bryant et al. | | 17

abry4213
216

abry4213

abry4213



5.1 Stochastic interaction

example HCP participant using the Kraskov–Stögbauer–Grassberger estimator. Here, we observe the highest AIS465

in the lateral occipital cortex (LOC), suggesting that this region exhibits richer dynamics with more information from466

past activity values used in future states. By contrast, the parahippocampal gyrus exhibits the lowest overall AIS,467

meaning its activity is less dependent on its own past states—possibly indicating a greater relative influence of other468

regions’ prior activity on future activity in the parahippocampal gyrus. AIS has been applied to characterize neural469

dynamics around a critical point [53, 54], learning and memory in neuromorphic computing [55], frequency-specific470

rhythms during anesthesia [56], and distributed processing of visual stimuli [57, 58]. Prior clinically grounded work471

has shown that AIS is reduced in the hippocampus of individuals with autism spectrum disorder [52, 59] and in the472

motor cortex of individuals with Parkinson’s disease [60].473

5 Pairwise order-dependent measures, undirected474

5.1 Stochastic interaction475

Figure 10. Stochastic interaction. Stochastic interaction (SI) measures the integrated information between the two processes
X and Y that cannot be explained by considering the two time series separately. It is an order-dependent pairwise measure
that considers the past and present of both X and Y . As depicted by the Venn diagrams, SI(X,Y ) is equivalent to the sum of
the conditional entropy of X and Y conditioned on their own past values, respectively, minus the joint entropy of X and Y both
conditioned on their past values together. The mathematical form is provided below the diagram schematics and discussed in
Sec. 5.1.

5.1.1 What:476

Stochastic interaction (SI) [61, 62], denoted SI(X,Y ), quantifies the integrated information between two processes,477

X and Y , by capturing the joint dynamical dependence between the two that cannot be entirely explained by their478

marginal dynamics. As described in Cohen et al. [63], SI captures the amount of information lost in (modeling) a479

‘disconnected’ system compared to (modeling) an ‘integrated’ system. Specifically, SI measures the extent to which480

‘disconnecting’ X and Y —in other words, modeling them as independent processes—increases the uncertainty481

about the future values of X and Y based on their respective past values, compared to the uncertainty about future482

values in the fully ‘interconnected’ (or jointly modeled) paired system. We previously reported that SI behaves very483

similarly across data types to measures derived from the integrated information literature [17], such as geometric484

integrated information and ϕ∗ [64]. For an in-depth discussion of how SI relates to the broader field of integrated485

information (particularly geometric integrated information [64]), we refer the interested reader to Mediano et al. [65].486

5.1.2 How:487

As schematically depicted in Fig. 10, SI(X,Y ) is formulated based on Equation #26 in Ay [62]:488

SI(X,Y ) = H(Xt+1|Xt)+H(Yt+1|Yt)−H(Xt+1,Yt+1|Xt,Yt) , (16)
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6.1 Time-lagged mutual information

where H(Xt+1|Xt) indicates the entropy of X at time point t+1 conditioned on the previous value at time point t—in489

other words, the amount of uncertainty remaining in the value of X at time t+1 after knowing the previous value of X490

at time t—as is the case for H(Yt+1|Yt). The subtracted term in Eq. (16), H(Xt+1,Yt+1|Xt,Yt), captures the joint491

entropy of X and Y at time t +1, both conditioned on their previous values at time t—in other words, the amount of492

uncertainty remaining in the paired observation Xt+1,Yt+1 after conditioning on the past paired observation Xt,Yt.493

We note that the definition of SI here considers only one past value of X and Y , akin to using k = 1 for the AIS494

from the previous section. This effectively assumes a first-order joint Markov process, although in principle, one495

could formulate it based on longer memory lengths. Taken together, SI captures the difference between the summed496

entropy of X conditioned on its own past and Y conditioned on its own past (i.e., the two disconnected components)497

minus the joint entropy of X and Y conditioned on both of their own pasts. Equivalently, SI can be thought of as the498

average Kullback–Leibler divergence [32] between (i) the joint probability distribution for the present of both X and499

Y given the past of the connected system, and (ii) the product of the present value probability distributions for X and500

Y conditioned separately on their own pasts (i.e., ‘disconnected’ or modeled independently), akin to considerations501

in [66, 67].502

5.1.3 Why:503

SI can be applied in computational neuroscience contexts to understand how the activity of two neural504

processes—from single neurons to ensembles to macroscale regions—evolve through different states together, in a505

way where the future value of activity in region X depends on its own past and present along with those of region506

Y , and vice versa. A larger value of SI(X,Y ) indicates more shared information between the present and past of507

the joint distribution of X and Y (i.e., the fully interconnected paired case) compared to information contained in X508

and Y separately. Since the joint entropy conditioned on the past of X and Y is the subtracted term in Eq. (16)509

(cf. Fig. 10), a smaller value of SI(X,Y ) suggests that this joint entropy term may be comparatively larger—and510

therefore that there is not so much information shared in the fully connected paired system.511

We depict the SI values between the LOC and all other regions in the left cortex from an example HCP participant in512

Fig. 4F, computed using the Kozachenko–Leonenko estimator. Here, we observe that the LOC exhibits maximal SI513

with the caudal anterior cingulate cortex, indicating that these two regions share the most information between their514

past and present respective BOLD fMRI magnitudes in this example fMRI dataset. By contrast, the LOC shows the515

lowest SI with the caudal middle frontal cortex, indicating minimal difference in the amount of information contained516

in these two regions separately than combined. We note that these same regions exhibited corresponding trends517

with CE (cf. Fig. 4D), consistent with the notion that BOLD magnitude in the LOC maximally reduces uncertainty in518

the caudal anterior cingulate and minimally reduces uncertainty in the caudal middle frontal cortex in this particular519

individual. SI has largely been used to quantify the spatiotemporal sharing of information among neural ensembles520

[68] or sensory processing in the feline auditory cortex [69] and macaque cortex [70]. In a comprehensive functional521

connectivity benchmarking analysis, Liu et al. [71] reported that SI exhibited among the greatest structure–functional522

coupling out of hundreds of evaluated measures.523

6 Pairwise order-dependent measures, directed524

6.1 Time-lagged mutual information525

6.1.1 What:526

Time-lagged mutual information (TLMI) [72, 73] quantifies the statistical dependence between two time527

series—specifically, how much information a past (time-lagged) value of one process, X, provides about a present528

or future value of another (Y ). TLMI is computed using the mutual information framework (cf. Sec. 2.2), but529

applied across temporal offsets to capture time-lagged interactions between X and Y , without assuming any specific530

functional form of the relationship.531
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6.2 Causally conditioned entropy

Figure 11. Time-lagged mutual information. Time-lagged mutual information (TLMI) quantifies the information shared between
the past of one process (X) and the present of another (Y ). While MI itself is not a directed measure, the directionality of this
measure refers to the sensitivity to which time series (X or Y ) is lagged. The mathematical form is provided to the right of the
schematic diagram and discussed in Sec. 6.1.

6.1.2 How:532

As depicted in Fig. 11, TLMI is computed as533

I(Xt;Yt+1) = H(Xt)+H(Yt+1)−H(Xt,Yt+1) , (17)

= H(Xt)−H(Xt|Yt+1) , (18)

= H(Yt)−H(Yt+1|Xt) , (19)

indicating that I(Xt;Yt+1) is equivalent to the difference between the sum of the marginal entropies, H(Xt) and534

H(Yt+1), minus the joint entropy, H(Xt,Yt+1) (cf. ‘Joint entropy’, Sec. 2.1). We classify this as a directed pairwise535

coupling measure due to the asymmetry that arises depending on which of the two time series processes is treated536

with the lag. In other words, MI itself is not directed, since I(Xt;Yt+1) = I(Yt+1;Xt); however, this equivalence537

does not hold if the lag is reversed, meaning that I(Xt;Yt+1) ̸= I(Xt+1;Yt).538

6.1.3 Why:539

If X and Y represent the activity in two brain regions (or neuronal ensembles), Greenblatt et al. [74] note that540

the shift(s) incorporated in TLMI can capture the temporally-lagged influence of activity measured in region X541

on that in region Y and vice versa. As such, a larger value of I(Xt;Yt+1) indicates that the past states of542

region X share more information with the current state of region Y , while a smaller value indicates minimal543

cross-region dependence. Von Wegner et al. [75] demonstrated that TLMI can better distinguish short- versus544

long-range memory in neurophysiological time series from both EEG and fMRI compared to the Hurst exponent545

(which measures variance across timescales [76]). Other applications of TLMI to EEG have yielded connectivity546

networks with consistent delays across timescales [77] and highlighted the contribution of phase signals to microstate547

sequences [78, 79].548

In our simple empirical example in Fig. 4G, we depict the TLMI values from the past (or lagged) value of the LOC549

BOLD fMRI time series (realization xt corresponding to Xt in this example) to the present value of each other550

target region in the left cortex (realization yt+1 corresponding to Yt+1 in this example), computed for an example551

HCP participant using the Kraskov–Stögbauer–Grassberger estimator. This shows that the past of the LOC shares552

the most information with the current value in the caudal middle frontal cortex. Since we specifically implement553

this with a time lag of 1 BOLD frame, this suggests that the past state of the LOC is maximally predictive of the554

next state of the caudal middle frontal cortex in this example fMRI dataset. Of note, the caudal middle frontal555

cortex exhibited a relatively large MI and the smallest-magnitude CE and JE with the LOC, all of which focus on556

contemporaneous interactions between the two regions—suggesting that the time-lagged relationship incorporated557

in TLMI remains relevant to the (potentially nonlinear) contemporaneous interaction between these two regions.558

Moreover, the maximal TLMI here is a contributing factor to the minimal SI with the caudal middle frontal cortex.559

By contrast, the LOC exhibits the lowest TLMI with the lateral orbitofrontal cortex as the target, suggesting minimal560

time-lagged dependence between these two brain regions in this participant.561
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6.2 Causally conditioned entropy

6.2 Causally conditioned entropy562

6.2.1 What:563

Causally conditioned entropy (CCE) [80, 81] is a directed measure, denoted H(X∥Y )(k), that quantifies the564

uncertainty remaining in one process, Y , in the context of its own past up to memory length k (Yt+1) and the565

past and present of another process, X (up to memory length k + 1). In other words, H(X∥Y )(k) captures how566

much uncertainty remains for the present value of Y when we know its past k values alongside the past and present567

of X up to time k+1. One could set a single value for k a priori or evaluate different values up to a maximum window568

length of K ≪ T , where T is the length of time series X and Y (see ‘Active information storage’, Sec. 4.1, for a569

discussion on choosing k and ergodicity assumptions). Note that the term ‘causal’ here refers to the conditioning on570

terms in the past, which may be causal to Y . However, as an observational rather than interventional measure, CCE571

does not directly measure causality [82].572

Figure 12. Causally conditioned entropy. Causally conditioned entropy (CCE) quantifies the uncertainty remaining in the
present of one process (Y ) after observing its own past along with the past and present of another process (X). Note that in this
implementation, the memory length k that defines the ‘past’ is consistent between X and Y . The mathematical form is provided
to the right of the schematic diagram and discussed in Sec. 6.2.

6.2.2 How:573

As schematically depicted in Fig. 12, the CCE is defined as the entropy of a target process (Y ) conditioned on both574

its own past and the past and present of a source process (X). More formally, for the stochastic processes X and575

Y , CCE quantifies the uncertainty in the future of Y given its own history and the history of X.576

Following Equation 5 in Ziebart et al. [81], we define the time-indexed formulation of CCE, H(X∥Y )(k), as Ziebart577

et al. [81] as578

H(Y ||X)(k) = H(Yt+1|Y (k)
t ,X

(k+1)
t+1 ) , (20)

where Y
(k)

t denotes the past k values of Y , and X
(k+1)
t+1 denotes the past k values plus the present value of X up579

to time t + 1. This formulation captures the conditional entropy of Y at the next time point (t + 1), given its own past580

and the past and present of X.581

6.2.3 Why:582

If X and Y represent the activity of two brain regions, a larger H(X∥Y ) means that observing past values583

of both regions does not reduce the uncertainty in the present value of Y by so much—suggesting a weaker584

dependency between the present value of Y and its own past, along with the past values of X. Figure 4H585

depicts the CCE for all brain regions in the left cortex conditioned on our region of focus, the LOC, in one example586

HCP participant—computed using the Kozachenko–Leonenko estimator. Here, we observe the maximum CCE in587

the parahippocampal gyrus, which therefore exhibits the greatest remaining uncertainty in its present value after588

conditioning on its own past and the past of the LOC in this example fMRI dataset. Our observation that the589

parahippocampal gyrus exhibits minimal self-predictive information as defined by the AIS (cf. Fig. 4E) would be590

a key contributing factor to this. We might also expect the parahippocampal gyrus to exhibit relatively low MI and591

TLMI with the time-lagged LOC, although this is not the case in Fig. 4G. Note that MI and TLMI each measure the592

influence of only one value of the time series we condition on, while our implementation of CCE (using the pyspi593

library [16, 17]) uses k = 5 past values jointly, such that values are not directly comparable anyway. Altogether, the594

high CCE indicates that the current state of the parahippocampal gyrus depends relatively weakly on its own past595

and the past BOLD activity in the LOC (when considered jointly) for this participant. The LOC exhibited the lowest596

CCE with the supramamarginal gyrus, which similarly reflects the supramamarginal gyrus ranking among the top of597
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all evaluated left cortical regions for AIS values (cf. Fig. 4E)—such that it exhibits high self-predictive information,598

and the past BOLD activity in the LOC further reduces uncertainty in the current state of the supramarginal gyrus in599

this individual.600

Prior applications in computational neuroscience have predominantly incorporated CCE as a building block for the601

directed information measure (cf. Sec. 6.3) [83–85]. Through a comprehensive evaluation of over 200 pairwise602

time-series measures (including several information-theoretic measures) [17], CCE emerged as a top performer in603

two classification case studies using EEG (to distinguish cortical ‘up’ or ‘down’ states, as in Birbaumer et al. [86])604

and fMRI (to distinguish resting versus film-viewing, as in Byrge and Kennedy [87]). By contrast, Karimi-Rouzbahani605

and McGonigal [88] evaluated CCE along with several other directed connectivity measures to characterize neural606

dynamics in the seizure onset zone during and outside of epileptogenic activity, finding minimal support for predicted607

patterns with CCE compared to other methods.608

6.3 Directed information609

6.3.1 What:610

Directed information (DI) is a measure of information flow introduced by Massey [89] to quantify how much611

information is shared between the present value of one process and the past and present of another process.612

In other words, DI(X→Y ) captures the total directional influence of X on the present value of Y beyond what can613

be explained by the past of Y on its own.614

Figure 13. Directed information. The sub-component DI(X → Y )(k) of directed information (DI) quantifies the information
shared between the present of the target time series process (Y ) and the past and present of another source process (X) after
conditioning on the probability distribution of Y ’s past. Note that in this implementation, the memory length (k) that defines the
‘past’ is consistent between X and Y . The mathematical form is provided below the schematic diagram and discussed in Sec. 6.3.

6.3.2 How:615

For each of the T samples of the present of Y (Yt+1, t ∈ [0,T −1], where T is the length of the processes X and Y616

and the first sample is t = 1), DI sums the mutual information from the entire past and presence of X (denoted as617

X
(t+1)
t+1 ) after conditioning on the entire past of Y (Y (t)

t ):618
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=
T −1∑

t=0
I(Yt+1;X(t+1)

t+1 |Y (t)
t ), (21)

=
T −1∑

t=0
H(Yt+1|Y (t)

t )−H(Yt+1|Y (t)
t ,X

(t+1)
t+1 ), (22)

=
T −1∑

t=0
H(Yt+1|Y (t)

t )−H(Y ||X)(t), (23)

where Eq. (21) formulates DI in terms of the conditional mutual information between the present of Y (Yt+1) and619

the entire past and presence of X (X(t+1)
t+1 ), conditioned on the past of Y up to time t (Y (t)

t , with Y
(0)

t as a null620

variable by convention). This can be decomposed, as in Eq. (22), into the conditional entropy of Y conditioned on621

its own past (H(Yt+1|Y (t)
t ))—which is a form of entropy rate [2, Section 4.2])—minus the conditional entropy of Y622

conditioned on the past of both X and Y (H(Yt+1|Y (t)
t ,X

(t+1)
t+1 )). The subtracted term in Eq. (22) was introduced623

in ‘Causally conditioned entropy’ (cf. Sec. 6.2 [90]) as, equivalently, the CCE with Y conditioned on X. The CCE624

notation, H(Y ∥X), is included in Eq. (23), with the addition of (t) to denote the memory length.625

As discussed in ‘Active information storage’ (cf. Sec. 4.1)—and particularly relevant in the bivariate case—estimating626

this quantity can be empirically challenging due to the high dimensionality of joint past vectors and the fact that only627

a single realization of the time series exists per time point t. To address this, the implementation in pyspi [16, 17]628

imposes a maximum past window length K ≪ T , where the default is K = 5. This constraint allows the algorithm629

to pool information across the full time series using an ergodic assumption, enabling the computation of a single630

conditional MI estimate DI(X→Y )(k) for each window length k (up to K), rather than estimating it separately for631

each time point. This is given below in Eq. (24), and carried throughout subsequent equations:4:632

DI(X→Y )(k < K) =
K−1∑

k=0
DI(X→Y )(k), (24)

=
K−1∑

k=0
I(Yt+1;X(k+1)

t+1 |Y (k)
t ), (25)

=
K−1∑

k=0
H(Yt+1|Y (k)

t )−H(Yt+1|Y (k)
t ,X

(k+1)
t+1 ), (26)

=
K−1∑

k=0
H(Yt+1|Y (k)

t )−H(Y ||X)(k). (27)

The component DI(X→Y )(k) of DI(X→Y ) for a given past window length k is depicted schematically in Fig. 13.633

Note that the inclusion of the present state of the source (X, in this case) is one difference between DI and transfer634

entropy (discussed in the next section, cf. Sec. 6.4), whilst another is the sum over time points in DI [91, App. C].635

6.3.3 Why:636

DI provides a perspective of information flow that encompasses both lagged and contemporaneous dependence637

between the source and target time series. For computational neuroscience, this is particularly useful in mapping638

how information is stored and propagated across spatial and temporal scales [92]. Malladi et al. [83] used DI639

to track seizure spread from the epileptogenic zone outwards using electrocorticography (ECoG) recordings in a640

patient with epilepsy. Other work has demonstrated that DI can model information flows from neural spike train641

recordings [90, 93], fMRI time series [22], and EEG time series [94, 95]. If X and Y represent the activity of two642

4The quantity H(Yt+1|Y (k)
t ) is approximated as H(Y (k+1)

t+1 )/(k + 1) in pyspi [17], which becomes correct asymptotically as k → ∞ for
stationary stochastic processes [2, Theorem 4.2.1].

Bryant et al. | | 23

abry4213
222

abry4213

abry4213
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brain regions, then DI(X → Y ) captures the information shared between the present of Y and the past and present643

of X, after conditioning on the past of Y . A larger value of DI(X → Y ) indicates that knowing the past and present644

values of activity in region X reduces substantial uncertainty about the present value of region Y beyond that which645

is reduced by Y ’s own past. By contrast, a smaller value means that the past and present of activity in region X646

does not reduce additional uncertainty in Y beyond its own past—which could indicate minimal directed dependence647

from X to Y (i.e., a larger CCE X → Y ), and/or that the past of Y itself maximally reduces uncertainty about the648

next state of Y (i.e., a smaller CE of Y with its own past)—as schematically depicted in Fig. 13.649

In Fig. 4I, we examine the DI from the LOC (source) to all other target regions in the left cortex for BOLD fMRI time650

series from an example HCP participant, computed with the Kozachenko–Leonenko estimator. This reveals that651

the maximum DI occurs from the LOC to the inferior parietal cortex, suggesting that the past and present values of652

the LOC maximally reduce uncertainty remaining in the inferior parietal cortex activity after conditioning on its own653

past in this example fMRI dataset. In other words, the LOC past and present BOLD activity is most informative of654

the present inferior parietal cortex activity after accounting for its own prior activity. By contrast, the LOC exhibits655

minimal DI to the entorhinal cortex, which is consistent with high CCE from the LOC to the entorhinal cortex shown656

in Fig. 4H—meaning that the LOC does not reduce much of the uncertainty remaining in the entorhinal cortex after657

conditioning on its own past, indicating minimal directed dependence between the two regions in this individual.658

6.4 Transfer entropy659

6.4.1 What:660

Transfer entropy is a measure of information flow introduced by Schreiber [72] (see also Bossomaier et al. [96]) to661

capture the directed dependence from one process (X) to another (Y ) in the context of the past of Y . Specifically,662

TE measures the amount of information shared between the past values of X (up to history length l) and the present663

of Y after conditioning on the past k values of Y . As mentioned above (see ‘Directed information’, Sec. 6.3), DI664

and TE are disambiguated by their inclusion (DI) or exclusion (TE) of the present value of X. By not including the665

present value of the source X in the model for Y , TE alone is akin to building a model of how the target process Y is666

generated or computed from the past of both [91]. Note that unlike previous order-dependent pairwise features (for667

which the history length k is consistent between both X and Y ), TE allows the history length to differ between the668

two time series. In other words, TE(X→Y ) captures the total directional influence of the past l values of X on the669

present value of Y beyond what can be explained by Y ’s own past (up to length k). As with k, the memory length l670

for X can be set to a single value or a range of values can be compared.671

Figure 14. Transfer entropy. Transfer entropy (TE) quantifies the information shared between the present of one target
process (X) and the past of another (X) after conditioning on the probability distribution over the past of Y . Note that in
this implementation, X and Y can be assigned different memory lengths (l and k, respectively) that define the past period. The
mathematical form is provided below the schematic diagram and discussed in Sec. 6.4.
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6.4 Transfer entropy

6.4.2 How:672

As depicted schematically in Fig. 14, TE is given as673

TE(X→Y )(k, l) = I(Yt+1;X(l)
t |Y (k)

t ) (28)

= H(Yt+1|Y (k)
t )−H(Yt+1|Y (k)

t ,X
(l)
t ) , (29)

which presents TE as the mutual information (cf. Sec. 2.2) between the present of Y (Yt+1) and past of X (X(l)
t )674

after conditioning on the past of Y (Y (k)
t ) in Eq. (28). Equivalently, as in Eq. (29), TE can be formulated as the CE675

(cf. Sec. 3.1) of Y given its own past (H(Yt+1|Y (k)
t )) minus the CE of Y given the past of both itself (Y (k)

t ) and676

X (X(l)
t ). As per the other measures here, TE may be extended for multivariate sources and targets, and may be677

made conditional on other source variables [22, 97, 98]. Unlike with the DI implementation, the TE implementation678

in pyspi [16, 17] (in utilizing JIDT [15]) allows for both fixed default history lengths for X (l) and Y (k), as well as679

different delay lag (τ ) values for both X and Y (i.e., with the past vector Y
(k)

t sampling every τ -th value, from Yt680

backwards), as well as flexible optimization based on active information storage values (following [50, 99]). We have681

assumed τ = 1 for both X and Y in this work for simplicity.682

6.4.3 Why:683

TE has become an increasingly popular measure of directed information flow for neural time series data in the last684

fifteen years. If X and Y represent activity of two brain regions, a larger TE(X → Y ) indicates that knowledge of685

the past activity of the source region (X) reduces more uncertainty about the present value of the target region (Y )686

after already knowing the past of Y , suggesting a stronger (potentially nonlinear) influence of the past of X on the687

present of Y . As a measure based on observations, transfer entropy measures contribution to predictability, rather688

than causal effect [82]. Wibral et al. [35] frame the ‘causal’ nature often attributed to TE (from this predictive effect)689

as the following question: Given we already know the past state of region Y , how much additional information does690

the past state of region X provide about the next state of Y ?691

As above, by not considering any contemporaneous dependence between X and Y , TE isolates influences of692

the past values of both X and Y on the future values of X or Y . This is in contrast to DI, which also includes693

contemporaneous dependence between X and Y . While TE is a principled choice for measuring how the target is694

computed or generated from the past of both time series, the time lag has an impact with functional modalities with695

a lower sampling frequency, such as BOLD fMRI (sampled on the order of seconds, compared to EEG or neural696

spike recordings with millisecond resolution), as it may be difficult to identify source–target relationships over such697

a large timescale in comparison to between contemporaneous samples. Given this, TE may be more practically698

suited to modalities with higher sampling rates, as the dynamic relationship between the past of X and the present699

of Y may be more fully captured by the data. TE has been applied largely to simulated data from neural mass700

models [38, 54, 100, 101] and biophysical synapse models and to empirical data with high temporal resolution,701

like EEG [102, 103], MEG [104] and neural spike trains [105, 106]. However, successful application to BOLD fMRI702

time series is indeed possible; for example, Lizier et al. [22] applied TE to measure information flows in visuomotor703

tracking tasks and how they changed with task difficulty, while Taylor et al. [107] applied TE to demonstrate functional704

attenuation of cholinergic region communication in the macaque brain after locally inactivating the nucleus basalis of705

Meynert.706

In Fig. 4J, we depict TE values from the LOC as the source to all other target regions in the left cortex of an example707

HCP participant, computed using the Kraskov–Stögbauer–Grassberger estimator with k = l = 1. Here, we observe708

the highest TE from the LOC to the medial orbitofrontal cortex in this example fMRI dataset, suggesting that the past709

activity in the LOC maximally reduces uncertainty in future activity of the medial orbitofrontal cortex (after conditioning710

on its own past BOLD fMRI activity). By contrast, the LOC exhibited the lowest overall TE to the superior parietal711

cortex, indicating minimal time-lagged dependence between these two regions beyond information shared between712

the past and present activity in the superior parietal cortex itself (which was marked with a relatively high AIS) in this713

participant.714
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6.5 Granger causality

6.5 Granger causality715

6.5.1 What:716

Granger causality (GC) is a measure of information flow introduced by Granger [108] that quantifies the predictive717

power of the past values of one process (X) adds to an autoregressive model fit to another process (Y ). In other718

words, GC captures how much better a model fit to the past of Y can predict the future of Y when it also has719

access to the past of X. While not necessarily a pure information-theoretic measure by traditional definition, GC is720

equivalent to TE (see ‘Transfer entropy’, Sec. 6.4) with a Gaussian density estimator up to a multiplicative factor [109]721

and is often applied to characterize brain dynamics and connectivity [110], motivating its inclusion here.722

Figure 15. Granger causality. Granger causality (GC) quantifies the predictive information that the past of one time series
(e.g., X) adds to an autoregressive model for the other time series (e.g., Y ) beyond that of Y ’s own past. Note that in this
implementation, X and Y can be assigned different memory lengths (l and k, respectively) that define the past period. The
mathematical form is provided to the right of the schematic diagram and discussed in Sec. 6.5.

6.5.2 How:723

As with TE, GC allows for the history length to differ between X (denoted as l) and Y (denoted as k). Specifically,724

GC measures the log-ratio of the residual variance for the predicted value of Yt+1 based solely on the past values725

of Y up to window length k (Y (k)
t ; ‘reduced’ model) versus that of the predicted value of Yt+1 based on the past l726

values of X (X(l)
t ) as well the past k values of Y (‘full’ model). As schematically depicted in Fig. 15, GC is given as727

GC(X→Y )(k, l) = log
[∑T

t=1(ŷ[reduced]t+1 −yt+1)2
∑T

t=1(ŷ[full]t+1 −yt+1)2

]
, (30)

where ŷ is the vector of values that the autoregressive model predicted for the realization y at each time point t + 1,728

in which ŷ[reduced] corresponds to the ‘reduced’ model (i.e., only the past of y) and ŷ[full] corresponds to the ‘full’729

model (i.e., the past of both realizations y and x). The numerator in the logarithmic fraction in Eq. (30) corresponds730

to the sum of squared differences between each ŷt+1 (predicted) minus yt+1 (real) value—that is, the squared731

residuals of the ‘reduced’ model. Similarly, the denominator contains the sum of the squared residuals from the ‘full’732

model.733

In pyspi [16, 17], GC is computed from the same code as TE with Gaussian density estimator due to their equivalence734

as above.5 For an in-depth discussion about the similarities between GC and TE, we direct the interested reader735

to Milinkovic et al. [111]. Of note, Granger causality can also be computed in the frequency domain, as spectral736

Granger causality [112]. This allows the contribution of different frequencies to the dependence to be inferred.737

6.5.3 Why:738

GC is very widely used as an index of ‘causal’ interactions between brain areas in the computational neuroscience739

literature [110, 113, 114]. Like transfer entropy, ’causal’ here is with reference to a predictive model rather than740

considering interventional notions. If X and Y represent the activity of two brain regions, then GC(X → Y )741

captures the additional predictive information that the past of region X provides for the future of region Y beyond742

the activity of Y alone. Multivariate extensions have also been developed in the pursuit of ‘full-brain connectivity’743

representations [115, 116].744

5In principle, Granger causality is a unitless measure; however, given the known equivalence to TE above, it is often expressed in nats when
computed in that way.
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6.5 Granger causality

In Fig. 4K, we examine the GC values from the LOC as the source to all other (target) regions in the left cortex (using745

k = l = 1), noting the maximum value detected in the fusiform gyrus. This indicates that incorporating information746
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about the past activity of the LOC contributes more predictive information to the future of the fusiform gyrus than 
an autoregressive model fit to the past activity of the fusiform gyrus alone. Of note, the fusiform gyrus exhibited 
the maximal entropy of all evaluated left cortical regions in this participant (cf. Fig. 4A), suggesting that activity in 
this region is more unpredictable over time—which provides plenty of uncertainty for the past activity of the LOC 
to potentially reduce when it is included. We also note that Granger causality assumes a joint Gaussian bivariate 
distribution, unlike the pure (conventional) information-theoretic measures covered here, especially the TE, that do 
not inherently assume the form of underlying data (see ‘A note on estimating MI in continuous space’, Sec. 2.2). 
By contrast, we observe the lowest GC from the LOC to the lingual gyrus, indicating that the past activity in the 
LOC does not substantially reduce uncertainty in the future of the lingual gyrus beyond its own past activity. This is 
particularly interesting because the LOC and lingual gyrus exhibited the maximal MI in Fig. 4C, which indicates that 
this inter-regional relationship is stronger with a contemporaneous measure that does not condition out the past of 
the target, and does not assume a joint bivariate Gaussian distribution. Moreover, we note the contrast in results 
between GC in Fig. 4K and TE in Fig. 4J—with the two measures only differing in their estimators, this contrast 
reflects the difference observed in information flow when only modeling linear interactions (GC) versus non-linear 
(TE).

789
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Unifying pairwise interactions in complex 
dynamics

Oliver M. Cliff1,2, Annie G. Bryant1,2, Joseph T. Lizier    2,3, Naotsugu Tsuchiya    4,5,6 
& Ben D. Fulcher    1,2 

Scientists have developed hundreds of techniques to measure the 
interactions between pairs of processes in complex systems, but these 
computational methods—from contemporaneous correlation coefficients 
to causal inference methods—define and formulate interactions differently, 
using distinct quantitative theories that remain largely disconnected. Here we 
introduce a large assembled library of 237 statistics of pairwise interactions, 
and assess their behavior on 1,053 multivariate time series from a wide 
range of real-world and model-generated systems. Our analysis highlights 
commonalities between disparate mathematical formulations of interactions, 
providing a unified picture of a rich interdisciplinary literature. Using three 
real-world case studies, we then show that simultaneously leveraging diverse 
methods can uncover those most suitable for addressing a given problem, 
facilitating interpretable understanding of the quantitative formulation 
of pairwise dependencies that drive successful performance. Our results 
and accompanying software enable comprehensive analysis of time-series 
interactions by drawing on decades of diverse methodological contributions.

A fundamental question in science is how complex dynamics can be 
characterized by measuring the interactions within a distributed sys-
tem. To address this question, many approaches have been developed 
to measure different types of pairwise interactions from dynamical 
data. For example, in neuroimaging, functional connections between 
pairs of brain regions are quantified through statistical correlations, 
which mark changes in human behaviors1 and differ in neurological 
diseases2. In Earth system science, pairwise causal models have been 
used to infer mechanistic drivers of natural processes, from the influ-
ence of sea-surface temperature on sardine and anchovy populations3, 
to the atmospheric drivers of air circulation4. Furthermore, economic 
analysts have studied the co-integration of paired non-stationary time 
series—including stock-market indices and their associated future 
contracts—to infer a statistically significant coupling for building 
econometric models5.

As illustrated schematically in Fig. 1a, the common goal of these 
studies is to extract meaningful pairwise relationships from multi-
variate time series (MTS): sets of observations taken regularly over 
time6. In the age of big data, the scientific problems that are studied in 
diverse disciplinary contexts—from genomics to astronomy7—require 
novel ways to extract information from MTS data; however, despite the 
myriad ways to quantify a statistical dependency between two time 
series, it remains common practice to manually select a single method 
with minimal comparisons against alternatives. For instance, Pearson 
correlation remains the most commonly used tool for measuring pair-
wise relationships in neuroimaging8 and Earth system science4, despite 
rather restrictive (and often unsatisfied) assumptions that the data are 
serially independent and normally distributed9. Fortunately, many 
more sophisticated and powerful algorithms have been developed, 
including those where dependencies are lagged in time (for example, 
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these methods remain disconnected from one another. In this work, we 
unify this wealth of interdisciplinary scientific knowledge, empirically 
connecting previously disjoint methodological traditions to yield a 
unified set of tools for quantifying interactions in complex dynamics.

As diverse scientific methods for quantifying pairwise interactions 
have never been compared at scale, there remain many unanswered 
questions. Are all of these methods capturing unique information 
on the interactions occurring within a time-varying system? Is there 
synergy between complementary approaches that, when combined, 
tells us more about the underlying system than any single method 
can? Or, do interesting redundancies exist between techniques used 
across disciplines that hint at a common theoretical underpinning 

cross-correlation6), may be misaligned (for instance, dynamic time 
warping10), or where the knowledge of one variable improves the pre-
dictability of another (for example, Granger causality11).

In this Article, we represent algorithms that measure interactions 
between pairs of time series as real-valued summary statistics, that 
is, statistics of pairwise interactions (SPIs). Figure 1b illustrates the 
diverse theoretical tools and types of interactions covered in the sci-
entific literature on SPIs, from covariance (the foundation of statistics 
and machine learning) to convergent cross-mapping3 (developed to 
infer causal effect in complex ecosystems); however, as the theory 
underlying statistical interactions between pairs of time series has 
been developed largely independently across disciplinary contexts, 
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Fig. 1 | The behavior of a scientific library of 237 SPIs was evaluated using 
a collection of 1,053 MTS. a, In many disciplines, including neuroscience, 
economics and biology, scientists analyze interactions between pairs of 
processes in a MTS. For illustration, two time series are plotted, using colour to 
indicate time-series values on a scale from low (light blue), to the mean (black), 
to high (light orange). An MTS can be visualized as a heat map using the same 
coloring, in which individual processes (rows) evolve over time (columns). 
b, The 237 SPIs analyzed here derive from six broad disciplinary categories: 

‘basic’, ‘distance similarity’, ‘causal indices’, ‘information theory’, ‘spectral’ 
and ‘miscellaneous’, as described in detail in Supplementary Note 1; selected 
examples of SPIs within each category are listed here, along with a schematic 
depiction. c, Selected examples from our diverse collection of 1,053 MTS—
which are used to evaluate the empirical behavior of the SPIs—are plotted as 
process × time heat maps (using the same colors as in a). Our library includes data 
generated from synthetic models (left) and measured from real-world systems 
(right), as described in detail in Supplementary Note 2.
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that has not previously been identified? Following previous highly 
comparative studies of univariate time series12 and graphs13, this work 
addresses these questions by simultaneously evaluating hundreds 
of different SPIs directly from data. Our empirical approach to this 
problem involves first assembling a comprehensive annotated library 
of computational methods for quantifying pairwise interactions from 
data (summarized in Fig. 1b), and then analyzing their behavior across 
a large and diverse library of MTS (Fig. 1c).

As shown in Fig. 1b, our annotated library of SPIs was organized 
into six broad categories on the basis of their underlying theory: ‘basic’, 
‘distance similarity’, ‘causal indices’, ‘information theory’, ‘spectral’ 
and ‘miscellaneous’ (see ‘Library of 237 SPIs’ section in the Methods 
for more details, and Supplementary Note 1 for a full list of SPIs with 
descriptions and references). To understand the behavior of these SPIs 
on data, we constructed a library of 1,053 diverse MTS, curated with 
the aim of capturing the main classes of systems and dynamics that 
are studied across scientific disciplines, including synchronization, 
spatiotemporal chaos, wave propagation, criticality and phase transi-
tions. As depicted in Fig. 1c, our MTS library contains 505 synthetic MTS 
generated from a range of mathematical models, including coupled 
maps, ordinary differential equations and partial differential equations, 
and 548 diverse real-world MTS assembled from public databases such 
as geophysical, medical and financial data (see ‘Library of 1,053 MTS’ 
section in the Methods for further details, and Supplementary Note 2 
for a full list of included MTS).

Results
Organizing pairwise interactions by their empirical behavior
Having assembled diverse libraries of methods (237 SPIs) and data 
(1,053 MTS), we aimed to analyze how similarly the different SPIs behave 
on the data. To achieve this, we developed an empirical similarity index, 
R (0 ≤ R ≤ 1), that captures the relationship between any two SPIs by 
comparing their output when applied to all 195,112 pairwise interactions 
present across all 1,053 MTS. This index is derived from the average 
absolute Spearman correlation between a pair of SPIs when applied to 
all pairs of processes in all datasets (see ‘Quantifying similarity between 
SPIs using the empirical similarity index’ section of the Methods for 
details). The minimum value, R = 0, indicates a pair of maximally  
distinct SPIs (with uncorrelated behavior on all datasets), whereas the 
maximum, R = 1, indicates a pair of SPIs that are perfectly correlated on 
all datasets (that is, they behave as simple monotonic transformations 
of one another); thus, a pair of SPIs with a high R reflects broadly similar 
behavior across MTS containing very different types of structures, and 
therefore acts as a suitable candidate index of empirical similarity.

Using the dissimilarity measure, D = 1 − R, we organized all 237 
SPIs using hierarchical clustering, yielding the dendrogram shown in  
Fig. 2b. This presents a data-driven, structured representation of a 
diverse literature that allows us to probe and interpret relationships 
between scientific methods at multiple levels. We focus our analysis 
here on a 14-module resolution (with modules labeled M1–M14), which 
captures important methodological connections between groups of 
SPIs with similar behavior on data. As summarized in Fig. 2a, these four-
teen modules group common conceptual and theoretical approaches 
to measuring interactions between pairs of time series, demonstrating 
the ability of our empirical approach to meaningfully organize the 
interdisciplinary literature.

In addition to grouping similar types of methods into modules, we 
found that different high-level conceptual formulations of dynamical 
interactions were recapitulated in the relationships between modules. 
For example, modules M3–M6 contain distinct types of SPIs (including 
Granger causality11, directed information14 and integrated informa-
tion15,16), all of which capture statistical dependencies between two 
time series by considering the context of their past. This idea that 
observable interactions are predicated (or, from a statistical stand-
point, conditioned) on the history of a process was first proposed by 

the Wiener–Granger theories of causality and feedback17, specifically 
by measuring how one time series might improve the self-predictabil-
ity of another. Our results group SPIs on the basis of this underlying 
theoretical formulation, due to their characteristic behavior on data. 
Other types of SPIs (that do not predicate on the self-predictability 
of a process) also display distinctive behavior, including measures of 
contemporaneous relationships (the correlation coefficients of M14), 
dependencies that account for temporal lags (the coherence measures 
of M12), or temporal dilation and shifts (dynamic time warping and 
related methods in M10).

Ten of the fourteen modules are homogeneous, containing meth-
ods that are derived from similar underlying theories (as indicated by 
the color of the category labels in Fig. 2bii). Of these ten homogeneous 
modules, six of them (M4, M7, M8, M9, M11 and M13) comprise SPIs 
for measuring one specific type of pairwise interaction, differing in 
either their: specific algorithmic implementation (for example, M13 
contains both the Engle–Granger5 and the Johansen18 tests for meas-
uring co-integration); extracted summary statistics (for example, M8 
contains both the mean and maximum of the wavelet-based phase lag 
index19); or parameter settings (for example, M4 contains SPIs that 
use five different estimation techniques for transfer entropy20). The 
remaining four homogeneous modules (M1, M2, M6 and M12) comprise 
methods with very similar theoretical underpinnings; for example, 
M12 contains many SPIs for measuring undirected interactions via 
Fourier transformations, such as the magnitude and the imaginary part 
of the coherence21. Of particular interest are the four heterogeneous 
modules (M3, M5, M10 and M14), which mix SPIs from different litera-
ture categories, revealing interesting connections between different 
theoretical bases for quantifying pairwise dependencies between time 
series. Although M3 contains a mix of SPIs based on information theory 
(six labeled ‘information theory’ measures and one, information-
geometric conditional independence, labeled as a ‘causal index’), the 
remaining three modules establish interesting connections between 
the behavior of seemingly disparate SPIs on MTS data. Three networks 
that are derived from these modules are plotted in Fig. 2c–e and are 
investigated in detail below.

As illustrated in Fig. 2c, module M5 contains a mix of two different 
types of methods: the first includes five linear estimators for inte-
grated information (such as geometric integrated information, ΦG 
(ref. 22), phi star, Φ* (ref. 16) and stochastic interaction23), whereas the 
second includes 16 estimators for Granger causality in both the time 
and frequency domains24. Although Granger causality and integrated 
information theory were developed in very different contexts (for 
example, Granger’s investigations into causality between economic 
time series in 196911, versus Tononi’s recent integrated information 
theory (Φ) of consciousness15,16,22), our analysis reveals that all SPIs 
in this module nevertheless behave similarly on data (with an empiri-
cal similarity index, R = 0.52, which lies in the 95th percentile for all  
R values; see Supplementary Fig. 1c). Recent results have indeed shown 
that Granger causality can be formulated as the information-theoretic 
measure, transfer entropy25, and can thus be grouped under the same 
information-geometric framework as integrated information the-
ory22,26. However, it was not known whether these information-theoretic 
SPIs behave similarly in practice and, as such, their relationship was 
not widely recognized. Module M5 thus demonstrates an important 
confirmation of our empirical approach in being able to recapitulate 
emerging theory and unify scientific tools for understanding interact-
ing processes.

Module M10, shown in Fig. 2d, highlights striking connections 
between three conceptually distinct types of methods: (1) dynamic 
time warping (DTW), which was developed in the data-mining com-
munity to quantify the similarity between two (potentially shifted and 
dilated) audio signals10; (2) cross-spectral phase-based measures—the 
maximum phase coherence21, and the mean and maximum phase-
locking value27—which were developed to examine frequency-specific 
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synchronization in neuroimaging data21; and (3) the maximum cross-
correlation6, a classical statistical technique for correlating two time 
series at different temporal lags. All of these SPIs capture time-lagged 
interactions between two processes, but in slightly different ways: 
the maximum cross-correlation finds the highest fixed-lag match, 
DTW extends this idea by optimizing the distortion of the time axis to 
best match potentially misaligned time series, and the cross-spectral 
measures account for time lags in terms of phase differences. Module 
M10 thus reveals previously unreported connections between diverse 
approaches to capturing associations between pairs of potentially una-
ligned time series, indicating a common conceptual basis for methods 
developed and applied across disciplines—whether they are measuring 
synchronization between neuroelectric recordings or recognizing 
speech from audio signals.

Finally, we discuss module M14, which groups 66 SPIs from all  
literature categories except for ‘spectral’ (see Fig. 1b for categories). This 
module recapitulates some theoretical relationships that have already 
been established, such as the equivalence between linear-Gaussian  
mutual information and absolute correlation28 (with a maximum 
similarity of R = 1). To highlight some previously unreported rela-
tionships, we focus on a demonstrative submodule (shown in Fig. 2e)  
comprising 17 SPIs from the ‘causal indices’, ‘distance similarity’ and 
‘miscellaneous’ literature categories. We first note the tight cluster of 
SPIs, labeled ‘i’ in Fig. 2e, that were developed independently in two 
different domains: distance correlation-based methods29 from the 
statistics community, and kernel-based methods from the machine-
learning community. This cluster first highlights a recent finding that 
distance correlation and the Hilbert–Schmidt independence criteria 
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Fig. 2 | Statistics for measuring pairwise interactions between time series can 
be organized into 14 modules on the basis of their behavior on over 1,000 
MTS, providing an intuitive, data-driven organization of interdisciplinary 
scientific literature. a, A brief summary of the main types of methods in each  
of the modules (see Supplementary Note 1 for a full list with descriptions).  
b, The dendrogram used to infer the modules, produced by hierarchical clustering 
using a dissimilarity measure, D = 1 − R, that is based on the empirical similarity 
index, R (see Methods). SPIs are colored according to: (i) their module label 
(upper row) and (ii) their literature categorization (lower row), displayed using 
the color scheme defined in Fig. 1b. A high-resolution version of this dendrogram, 

including each of the SPIs (leaf nodes) that form the modules, is presented in 
Supplementary Fig. 2 (and the assignment of SPIs to modules is in Supplementary 
Data 1). c–e, Three selected modules that include a mixture of SPIs developed in 
different disciplinary contexts are shown as network plots in M5 (c), M10 (d) and 
a subset of M14 (e). In these plots, SPIs are represented as nodes, three different 
edge weight thresholds are displayed (corresponding to R > 0.25, R > 0.5 and 
R > 0.75), and connected components with high similarities, R > 0.75, are shaded 
yellow. DTW, dynamic time warping; LCSS, longest continuous subsequence; 
CCM, convergent cross-mapping; RBF, radial basis function.
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(HSIC, a kernel-based method)30 are equivalent when computed using 
certain distance kernels31; our results suggest that similar theoretical 
connections can be established between the other SPIs of the clus-
ter (including the Heller–Heller–Gorfine test32 and multiscale graph 
correlation29). Second, we find that the distance- and kernel-based 
statistics display strikingly similar behavior as common implementa-
tions of the convergent cross-mapping (CCM) algorithm, which was 
originally developed for inferring causality in complex ecosystems3. 
Convergent cross-mapping aims to measure the causal effect of one 
time series on another by the ability of the second to reconstruct the 
first using a nearest-neighbor approach. The fact that these methods 

behave so similarly on MTS data indicates that the well-studied tech-
niques of phase-space reconstruction (used in the CCM algorithm) 
have a correspondence to the nonlinear kernel-estimation techniques 
from the statistics and machine learning communities. These observed 
connections also have important practical ramifications; for example, 
our results suggest candidate proxy algorithms to substitute for the 
computationally expensive CCM, which could yield major compu-
tational efficiencies and enable new applications on larger datasets.

In summary, our empirical approach to unifying a large and dis-
joint literature of methods for characterizing pairwise interactions 
in time series has allowed us to: (1) capture the commonalities in 
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Fig. 3 | A comprehensive library of SPIs can be used to accurately classify and 
understand differences in human movement and neural activity datasets.  
a, In the smartwatch activity dataset, we aimed to determine which of four 
activities a participant is performing (‘resting’, ‘walking’, ‘running’ or ‘badminton’) 
from smartwatch accelerometer recordings. An example MTS from each of the 
four classes is shown as a process × time heat map (colored as in Fig. 1a).  
b, Distribution of average classification accuracy (over train–test resamples) across 
228 SPIs, where all pairwise interactions are used as the basis for classification 
for each SPI. The 213 SPIs with significant accuracy are shaded blue (one-sided 
permutation test, Bonferroni-corrected P < 0.05). Concatenating feature vectors 
from all SPIs into a single classification model yields an average accuracy of 96% 
(red). c, Violin plots showing the distribution of the top-performing SPI (causally 
conditioned entropy with a Kozachenko–Leonenko density estimator) between 
the wrist’s x-axis translation and z-axis rotation, indicating a stronger interaction 
during walking (mean ± s.d. = 4.1 ± 0.8, N = 20) than running (0.4 ± 0.7, N = 20). 
In each violin plot, the annotated box plot shows the box centre and extent as 

the median, 25th and 75th percentiles; whiskers extend for 1.5× the interquartile 
range and outliers are shown as black dots. d, In the EEG state dataset, we aimed 
to classify positive versus negative cortical activity states using data from six EEG 
channels, for which the electrode locations and example time series are depicted.  
e, Distribution of average classification accuracy across all 219 SPIs, including 
the 165 significant SPIs, and a combination of all SPIs (71% accuracy). f, The 
top-performing SPI (causally conditioned entropy with a Gaussian density 
estimator) is visualized from EEG channel 2 to 1 in cortical negativity (−2.7 ± 1.4, 
N = 282) versus positivity (−3.8 ± 1.4, N = 279). g, In the fMRI film dataset, we 
aimed to classify rest versus film-viewing using fMRI time series from seven brain 
networks. h, Distribution of classification accuracy across all 227 SPIs, including 
the 67 significant SPIs (shaded blue) and annotating the performance of Pearson 
correlation coefficient (86%, black) and the combined set of all 227 SPIs (91%, red) 
for comparison. i, The top-performing SPI (regression error-based causal inference, 
RECI) is shown from the control to ventral attention networks in film-viewing 
(0.014 ± 0.003, N = 29) and rest (0.018 ± 0.004, N = 29) conditions.
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the conceptualizations of dynamical interactions (such as whether  
methods predicate a statistical dependence on self-predictability) and 
(2) understand empirical and theoretical connections between diverse 
methods, with implications for shaping theory and practice.

Leveraging diverse methods to address scientific problems
Our results above illustrate the rich diversity of scientific methods 
for quantifying pairwise interactions. This diversity suggests that, 
when quantifying pairwise interactions for a given application, there 
is potential to make comparisons across the scientific literature of SPIs 
to: (1) select the best-performing SPI in an unbiased, data-driven way; 
and (2) leverage a synergistic combination of multiple complemen-
tary SPIs to better capture complex underlying interactions in MTS. 
Here we provide a simple demonstration of this strategy (referred to 
as ‘highly comparative’ due to the broad methodological comparison 
involved12,13) on three MTS classification problems using three open 
datasets: (1) the smartwatch activity dataset (Fig. 3a), where the aim 
is to classify one of four behavioral states (walking, running, resting, 
or playing badminton) from six-sensor smartwatch MTS (compris-
ing a three-axis accelerometer and three-axis gyroscope)33; (2) the 
electroencephalogram (EEG) state dataset (Fig. 3d), where the aim is 
to distinguish positive versus negative slow cortical potentials from 
single-subject EEG data (originally used to move a cursor up or down 
on a computer screen)34,35; and (3) the functional magnetic resonance 
imaging (fMRI) film dataset (Fig. 3g), where the aim is to classify rest-
ing and film-watching conditions from fMRI data36 (see ‘Classifica-
tion case studies’ section in the Methods for additional details on each 
dataset). To investigate the performance of different SPIs on these 
tasks, we represented each MTS as a set of features corresponding to 
all pairwise interactions between its constituent processes and com-
pared their classification performance using a linear support vector 
machine (SVM) with cross-validation (see ‘Classification’ section in 
the Methods for details).

We observed a wide range of SPI performances in each case study, 
ranging from null performance up to high and statistically significant 
performance: 27–92% accuracy on the smartwatch activity dataset  
(Fig. 3b), 48–69% accuracy on the EEG state dataset (Fig. 3e) and 41–95% 
accuracy on the fMRI film dataset (Fig. 3h). Many SPIs displayed sig-
nificant classification performance on each dataset (permutation test, 
Bonferroni-corrected P < 0.05): 213 SPIs for the smartwatch activity 
dataset, 165 SPIs for the EEG state dataset, and 67 SPIs for the fMRI film 
dataset. This wide range of observed SPI performance on all three data-
sets demonstrates the crucial importance of selecting an SPI that is able 
to capture the relevant types of interactions underlying a given dataset.

To understand the types of interactions that characterize the 
labeled classes of MTS, we analyzed and interpreted the highest-per-
forming SPIs on each dataset (see Supplementary Data 2 for the full 
results). To provide a simple demonstration of this process, here we 
focus on the top-performing individual SPI in each case study. In the 
smartwatch activity dataset, the top-performing SPI was causally 
conditioned entropy (CCE) using a Kozachenko–Leonenko estimator 
(92% accuracy; SPI label ‘cce_kozachenko’; see Supplementary Note 
1.4.7 for details). Its high performance is driven in part by its ability to 
capture the coupling from the wrist’s z-rotation to its x-translation, 
which differs strongly between running and walking, as shown in  
Fig. 3c. This tells us that wrist rotation in the z-direction is more inform-
ative of subsequent elbow movement in the x-direction (as the elbow 
moves side to side) in walking than in running.

The top-performing SPI for the EEG state dataset was, as above, a 
causally conditioned entropy, but using a Gaussian density estimator 
(69%, SPI label ‘cce_gaussian’; see Supplementary Note 1.4.7 for details). 
Its performance was driven in part by its ability to capture the increased 
coupling from EEG channel 2 to 1 (from near the right ear to near the left 
ear) in cortical negativity versus positivity states, as shown in Fig. 3f. 
Other statistics designed to capture directed information flow (in a way 

that includes instantaneous interactions in the presence of feedback) 
also performed well on this task, including directed information with 
a Gaussian density estimator (69% accuracy, SPI label ‘di_gaussian’; see 
Supplementary Note 1.4.8). Although past applications of SPIs derived 
from directed information theory to neuroimaging data are limited37,38, 
our highly comparative analysis suggests them as high-performing 
methods for measuring EEG coupling alongside other novel candi-
dates for further investigation, including the direct directed transfer 
function evaluated over high frequencies (67%, SPI label ‘ddtf_multi-
taper_mean_fs–1_fmin-0–25_fmax-0–5’; see Supplementary Note 1.5.9) 
and the Hilbert–Schmidt Independence Criterion (66%, SPI label ‘hsic’; 
see Supplementary Note 1.2.5). Of the classical methods for quantifying 
EEG connectivity, some are recapitulated as high performers by our 
data-driven analysis, including mean directed coherence across various 
frequency bands39 (all 67% accuracy; see Supplementary Note 1.5.10), 
whereas others exhibited surprisingly low accuracy, such as algorith-
mic variants of partial directed coherence40 (between 55% and 64%).

Finally, for the fMRI film dataset, the top-performing SPI was 
regression error-based causal inference (95% accuracy; SPI label ‘reci’; 
see Supplementary Note 1.3.4). Its high performance is driven in part 
by its ability to capture the stronger coupling from the control network 
to the ventral attention network during film-watching compared to 
rest (Fig. 3i). The dominant way of measuring coupling in whole-brain 
fMRI is to use the Pearson correlation coefficient8,41 (annotated in  
Fig. 3h), which exhibits strong and statistically significant classification 
accuracy on this problem (86%); however, our data-driven approach 
highlights 30 alternative SPIs with higher performance (88% to 95%; 
compare with Supplementary Data 2). These high-performing meth-
ods include alternative types of covariance (for example, minimum 
covariance determinant, 93% accuracy, SPI label ‘cov_MinCovDet’; 
see Supplementary Note 1.1.1) and precision estimates (for example, 
using Ledoit–Wolf shrinkage, 91%, SPI label ‘prec_LedoitWolf’; see 
Supplementary Note 1.1.2) that better deal with non-Gaussian bivariate 
distributions. Other high performers include information-theoretic 
SPIs (such as conditional entropy, joint entropy and mutual informa-
tion using Gaussian density estimators, all of which exhibited 91% 
accuracy; see Supplementary Note 1.4.1–1.4.3) and directed SPIs which 
distinguish asymmetric coupling (for example, the top-performing 
regression error-based causal inference, ‘reci’). Compared with the typi-
cally subjective process of selecting an appropriate method to analyze 
a given dataset, the highly comparative approach demonstrated here 
highlights the most useful scientific methods automatically, facilitat-
ing interpretable understanding of the conceptual formulations of 
pairwise dependencies that drive successful performance.

As different types of systems involve different types of interactions 
between measured processes, we expected different SPIs to perform 
well across the three datasets. Indeed, we found that an SPI with high 
performance on one problem does not imply its high performance 
on other problems. In particular, some SPIs performed well on only 
a single dataset; for example, dynamic time warping with an Itakura 
parallelogram (SPI label ‘dtw_constraint–itakura’; see Supplementary 
Note 1.2.7), which was a top performer on the fMRI film dataset (91%), 
but showed weaker performance on the smartwatch activity dataset 
(78%) and null performance on the EEG state dataset (53%). Yet some 
SPIs did perform strongly across all three datasets, such as the cross 
distance correlation (SPI label ‘dcorrx_maxlag–10’; see Supplementary 
Note 1.2.2), which ranked among the top 10 SPIs for all three problems 
(90%, 66% and 91%, for the smartwatch activity, EEG state and fMRI film 
datasets, respectively). Moreover, different algorithmic variants of 
causally conditioned entropy were top performers for the smartwatch 
activity (‘cce_kozachenko’, 92%), EEG state (‘cee_gaussian’, 69%) and 
fMRI film (‘cce_kernel_W–0.5’, 90%) datasets (although we note a strong 
dependence of the density estimation approach on CCE performance). 
We also found that grouping SPIs based on the fourteen data-driven 
modules (identified by their similarity of behavior on data, Fig. 2) 
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better captured their relative performance on these tasks than the six 
literature categories (from Fig. 1b), as shown in Supplementary Fig. 3, 
suggesting our modular representation as a useful one for understand-
ing differential SPI performance on a given task.

Relative to investigating individual SPIs one at a time, we finally 
aimed to investigate the value of drawing on multiple SPIs simulta-
neously. We developed a combined representation of the pairwise 
dependence structures captured by all SPIs, allowing us to simultane-
ously represent each MTS using a large and diverse set of pairwise 
dependency structures (through feature concatenation, as described 
in the ‘Classification’ section of the Methods). Although this approach 
represents each MTS in a much higher-dimensional space than the indi-
vidual SPI representation analyzed above (with associated challenges 
for robust classifier fitting), we expected it to outperform the individual 
best SPI on datasets involving multiple types of interactions, such that 
simultaneously leveraging multiple SPIs provides complementary 
and useful information about class differences. Relative to the top-
performing individual SPI, our combined SPI approach improved clas-
sification accuracy on the smartwatch activity dataset (to 96%) and the 
EEG state dataset (to 71%), shown as vertical red lines in Fig. 3b,e. On the 
fMRI film dataset, it yielded slightly lower performance (91%) than the 
top individual SPI, ‘reci’ (95%), suggesting that the associated interac-
tions are well-captured by a single, well-chosen SPI on this dataset (that 
is, multiple SPIs do not provide an advantage sufficient to overcome 
the challenges of fitting a classifier in a higher-dimensional space). By 
simultaneously drawing on a wide range of SPIs, the simple statistical 
approach demonstrated here can quantify multiple complementary 
types of interactions from MTS data (and is likely to yield improved 
accuracy through optimization; see ‘Discussion’ section).

Discussion
Our empirical organization of SPIs (Fig. 2b) identifies connections 
between a rich literature of diverse methods for quantifying interac-
tions between time series, and thereby highlights fruitful directions for 
future research to consolidate, extend and develop new theory. These 
results were obtained using a similarity index, R, that averages across 
a large and diverse range of 1,053 MTS but—as the behavior of an SPI 
depends on the types of interactions present in a dataset—the resulting 
relationships between SPIs depend on the MTS we chose to include. As 
a simple illustrative example, consider the case that our MTS library 
only contained data generated by lag-1 vector autoregressive models, 
VAR(1). Then the unique behavior of more sophisticated SPIs (such as 
those capturing nonlinear dependence or causal coupling on longer 
time lags) would not be observed, as data containing those types of 
interactions would be absent. Consequently, the variety of behaviors 
exhibited by our library of SPIs would be reduced, and the modular 
structure evident in the dendrogram of Fig. 2b would become far more 
homogeneous. In constructing the MTS data library used in this work, 
we thus aimed to be as even-handed and comprehensive as possible 
in sampling from diverse systems, which has been sufficient to yield a 
meaningful and useful representation of the interdisciplinary literature 
on SPIs. However, as any such finite sample is incomplete and relies on 
subjective decisions in its construction, future work may explore the 
dataset-dependent similarity of SPI pairs in detail to construct more 
nuanced organizations of the literature. This would provide new under-
standing of how different mechanisms (and hence empirical depend-
ency structures) play out in different classes of complex systems. Future 
work may also revisit the simple methodological choices made here, 
including our decisions to: (1) quantify the similarity of a pair of SPIs 
using a single number (R); (2) represent the resulting relationships in 
one dimension (as a dendrogram); and (3) analyze the resulting den-
drogram at a single selected resolution (a 14-module decomposition). 
For example, more complex unsupervised methods, such as overlap-
ping community-detection methods42,43, could reveal interesting new 
relationships between SPIs at different resolution scales.

As different time-varying systems contain different statistical 
relationships between their elements (for example, those that capture 
instantaneous or time-delayed responses, linear or nonlinear interac-
tions, are conditioned on the past, allow for non-constant delays, or 
infer directional coupling), our results demonstrate that a highly com-
parative approach can be used to detect the most informative types of 
SPIs for capturing the relevant types of interactions underlying a given 
dataset. Unlike many machine-learning approaches to MTS classifica-
tion, which can be challenging to interpret33, this approach connects 
scientists to interpretable theory that shapes understanding of the 
most important types of pairwise interactions in a dataset, following 
recent undertakings to unify interdisciplinary literatures on sum-
mary statistics (‘features’) for univariate time series12,44,45 and complex 
networks13. This broad, comprehensive methodological comparison 
stands in contrast to a more conventional approach in which the data 
analyst manually selects a method—a practice that leaves open the pos-
sibility that alternative methods may provide clearer interpretation, 
better performance, or computational efficiencies. The three classifi-
cation case studies analyzed here provide a simple demonstration of 
the procedure, automatically highlighting high-performing SPIs from 
across the literature and providing interpretable understanding of the 
relevant interactions in each dataset. We observed a wide range of per-
formance in all cases, highlighting the importance of careful selection 
of SPIs for a given application. In the EEG state dataset, for example, 
our analysis flagged high-performing SPIs consistent with common 
methodological practice in EEG analysis (thus recapitulating existing 
domain knowledge), and others with surprisingly poor performance, 
as well as flagging novel high-performing SPIs as promising candidates 
for methodological innovation in the field. Future work investigating 
which types of SPIs are best suited to which types of problems will 
yield new insights into the interactions underlying different complex 
systems, and is likely to uncover additional novel applications of SPIs 
to new problems.

Although the ability to compare across the full library of SPIs is 
powerful, it comes at a computational cost, particularly for larger 
MTS datasets in which each MTS is sampled over many time points and 
processes. The high redundancy between many groups of SPIs (Fig. 2), 
together with the preliminary indications from case studies that some 
SPIs may exhibit generally high performance, suggest the potential 
for major efficiency gains by constructing a high-performing and 
minimally redundant reduced set of SPIs. Beyond a simple approach 
of selecting a representative SPI from each of the 14 modules, a more 
systematic approach could compare SPI performance across a wide 
range of representative MTS tasks, for example, following recent work 
reducing a large pool of thousands of interdependent univariate time-
series features to just 22 representatives46. There is also much scope 
for statistical optimization in applying any given set of SPIs to real-
world problems, beyond the simple choices made here. In particular, 
performance could be optimized by tackling the challenges of high-
dimensionality and strong interdependence of SPIs using dimensional-
ity reduction, regularization or feature-selection methods to find small 
but highly explanatory combinations of complementary SPIs tailored 
to a given dataset47. Given the methodological freedoms involved in 
highly comparative time-series analysis, pre-registration should be 
considered for transparency and to avoid bias48 (for example, ref. 49).

Beyond the applications to MTS classification presented here, 
the ability to represent the coupling structure in a MTS using a large 
and diverse set of pairwise interactions could form the foundation for 
tackling myriad statistical inference problems, including regression, 
clustering, anomaly detection, and causal network inference. For exam-
ple, current methods for inferring networks of causal interactions from 
MTS data50,51 range from heuristic approaches based on thresholding 
a set of pairwise dependencies defined by a given SPI through to full 
statistical inference50,52–54. Rather than manually selecting an SPI for this 
purpose, the ability to compare diverse SPIs provides the flexibility to 
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capture different types of underlying interactions that could form the 
basis of improved network-inference algorithms. Such an extension 
may also go beyond point estimates of pairwise dependence strengths 
(considered here) towards assessing statistical significance through 
comparison to an appropriate null model9,51,55. Future work could also 
explore comprehensive statistical representations of MTS using more 
diverse properties than just the set of pairwise interactions, by also 
incorporating properties of univariate dynamics of individual system 
components45, system-level structure in the full set of pairwise inter-
actions represented as a network13 and higher-order interactions56.

The flexible and extendable software accompanying this work, 
pyspi57 (see ‘Code Availability’ section), facilitates the application of 
our highly comparative approach to quantifying pairwise interactions 
to myriad applications. Through careful framing of systems-level 
inference55, it has the potential to highlight unexpected and powerful 
methodological approaches to quantifying interaction patterns in 
time-varying systems. The data library of over 1,000 MTS provided 
with this work58 (see ‘Data Availability’ section) is another resource that 
will allow researchers to characterize the behavior of their computa-
tional methods on a comprehensive range of real-world and simulated 
systems, addressing issues associated with only testing new complex 
systems methods on idealized datasets55. In summary, this work demon-
strates the utility of an empirical approach to unifying diverse complex 
dynamical systems and their methods of analysis, providing insights 
and tools for scientific discovery.

Methods
Comprehensive scientific libraries of methods and data
Library of 237 SPIs. This work takes an empirical approach to under-
standing the relationships between diverse scientific methods for 
quantifying pairwise interactions between time series, formulated as 
an SPI. The first step in this approach was to construct a comprehen-
sive, annotated library of SPIs. Here we introduce a library of 237 SPIs, 
organized into six broad categories based on their underlying theory: 
‘basic’ (such as co-variance, Kendall’s τ (ref. 59) and cross-correlation); 
‘distance similarity’ (for example, distance correlations29, kernel-based 
independence tests30,32 and dynamic time warping10); ‘causal indices’ 
(including additive noise models and convergent cross-mapping3); 
‘information theory’ (such as Granger causality11,25 (note that Granger 
causality is included in the information theory category as it is equiva-
lent to transfer entropy evaluated with a Gaussian estimator25), trans-
fer entropy20 and integrated information16); ‘spectral’ (derived from 
Fourier or wavelet transformations, for example, coherence mag-
nitude, phase-locking value27 and spectral Granger causality60); and 
‘miscellaneous’ (for example, co-integration5 and model fits). A full 
list of SPIs, along with descriptions and references, is presented in 
Supplementary Note 1.

Library of 1,053 MTS. To understand how each SPI behaves on different 
types of multivariate time-series data, we constructed a library of 1,053 
diverse model-generated and real-world MTS. Our aim in assembling 
these data was to capture the main classes of systems and dynamics 
that are studied across scientific disciplines, including synchroniza-
tion, spatiotemporal chaos, wave propagation, criticality and phase 
transitions. Our library contains 505 synthetic MTS generated from 
mathematical models, including: uncorrelated and correlated noise 
(for example, Cauchy and normally distributed noise and Brownian 
motion); coupled maps (such as vector autoregression6 and coupled 
map lattices61); coupled ordinary differential equations (including 
Kuramoto oscillators62, Hodgkin–Huxley and Wilson–Cowan net-
works); and partial differential equations (namely, wave equations, 
in which processes are embedded in physical space). It also contains 
548 diverse real-world MTS from public databases across: geophys-
ics (such as earthquake seismograms and atmospheric processes); 
medicine (for example, heartbeat sonograms, fMRI data and EEGs); 

physiology (including accelerometer and gyroscope readings for 
sports and basic motions); and finance (for instance, exchange rates 
and stock prices), among others. Each MTS comprises between 5 and 40 
processes, and between 100 and 2,000 observations—characteristics 
that were designed to match many real-world datasets. Across all MTS 
in our library, we have a total of 195,112 pairwise interactions that we 
used to evaluate the SPIs. Descriptions of the full set of MTS analyzed 
here are presented in Supplementary Note 2.

Quantifying similarity between SPIs using the empirical 
similarity index
Our main aim in this work was to assess the similarity of behavior of 
any two SPIs across a diverse range of MTS. In this section we describe 
the empirical similarity index, R, used to capture the similarity between 
the behavior of all pairs of SPIs across our diverse library of 1,053 MTS. 
This index measures the monotonic relationship between a pair of SPIs 
across a large number of datasets that have different numbers of pro-
cesses (and thus a different number of pairwise interactions). For an 
M-variate time series, z = (z1, …, zM), we first consider the M × M matrix 
of pairwise interactions (MPI), constructed by evaluating a given SPI 
for all pairs of M processes within the MTS. The scalar values of the MPI, 
S = (sij) ∈ ℝM×M, where the (i, j) entries of the matrix, sij = s(zi, zj), denotes 
an SPI evaluated on the ith and the jth time series, zi and zj, respectively. 
In general, undirected statistics (for which sij = sji, such as Kendall’s τ) 
yield symmetric MPIs, whereas directed statistics (such as transfer 
entropy, which have sij ≠ sji) yield asymmetric MPIs. Furthermore, some 
SPIs are signed (for example, correlation coefficients are within  
[−1, 1]), whereas others are unsigned (for example, the distance correla-
tion is within [0, 1]). To compare all methods appropriately, we con-
verted signed SPIs to their absolute value, such that all statistics increase 
with the strength of dependency between zi and zj (for example, we 
analyze the magnitude of the covariance rather than its sign). Some 
example MPIs are shown in Supplementary Fig. 1a. Having computed 
MPIs for all SPIs on all 1,053 MTS, we computed the empirical similarity 
index between each pair of SPIs via a two-step process (depicted in 
Supplementary Fig. 1b). First, we defined the similarity of a pair of SPIs, 
k and l, on a given dataset, d. We did this by computing MPIs for k and l 
(yielding Skd and Sld, respectively) and then computing the absolute 
value of the Spearman’s rank correlation coefficient between each of 
their (off-diagonal) entries, |rd|. The resulting correlation value, |rd|, thus 
captures the strength of a monotonic relationship between the output 
of the two SPIs on the dataset d. After repeating this computation for 
all MTS in our library, we calculated the empirical similarity index, R, as 
the average of |rd| across all datasets. Although R provides a useful scalar 
summary of the similarity between a pair of SPIs, it is important to note 
that some pairs of SPIs have quite a wide distribution of scores, |rd|, 
across datasets, indicating that they yield highly correlated outputs on 
some MTS (high |rd|) but not on others (low |rd|). See Supplementary 
Note 3.1 for more details, including a detailed visual breakdown of |rd| 
distributions for some selected pairs of SPIs. We found a wide range of 
similarity indices across pairs of SPIs, from R ≈ 0 to R ≈ 1, illustrated by 
the cumulative distribution function in Supplementary Fig. 1c.

Classification case studies
Datasets. Smartwatch activity dataset. The smartwatch activity dataset 
is derived from the BasicMotions problem in the University of East Anglia  
(UEA) MTS classification repository34. Each MTS includes six sensors—
a three-axis accelerometer and a three-axis gyroscope—recorded for 
10 s at 10 Hz, yielding 1,000 time points. There are 20 MTS in each of 
the four classes (resting, walking, running or playing badminton) for 
a total of 80 MTS in the dataset. This dataset was recently analyzed in a 
large MTS classification challenge33 in which the data was split 50%–50% 
into training and test subsets with 30 stratified repeats. The baseline 
classifier (based on dynamic time warping) achieved 95.25% accuracy; 
the best algorithm (HIVE–COTE) achieved 100% accuracy33.
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EEG state dataset. The EEG state dataset corresponds to the  
SelfRegulationSCP1 problem in the UEA MTS classification repository34  
and was originally published in work by Birbaumer and colleagues35. 
Electrical activity was measured from six EEG channels in one par-
ticipant as they were instructed to move a cursor up or down on a 
computer screen by generating negative or positive slow cortical poten-
tials, respectively. The physical placement of these EEG electrodes 
is depicted in Fig. 3d. Cortical activity (measured in microvolts) was 
recorded for 3.5 s at 256 Hz, yielding 896 time points in each channel 
per MTS, with 282 negativity trials and 279 positivity trials. This data-
set was analyzed in work by Ruiz et al.33, assessing accuracy using 30 
stratified train–test splits of 268 training and 293 test samples. In the 
original comparison, the baseline DTW algorithm achieved an accuracy 
of 81.81% and the best algorithm (TapNet) achieved 95.68% (ref. 33).

fMRI film dataset. The fMRI film dataset is derived from a functional 
connectome fingerprinting study examining individual signatures of 
cortical activity in N = 29 individuals at rest or while watching a film36. 
In this dataset, blood-oxygen-level-dependent signals were recorded 
in 114 parcellated cortical regions with a repetition time of 813 ms  
(a sampling rate of 1.23 Hz) for either 1,200 frames (resting), or between 
952 and 1,000 frames (film-watching). Each trial type (rest versus film-
watching) was repeated four times per participant. Here we analyzed 
pre-processed data obtained from work by Betzel and co-workers63. 
For consistency and simplicity, we examined the first rest and first 
film-watching session per participant; across all participants and trials, 
only the first 947 frames contain real data, and thus we restricted our 
analysis to this time range. To retain a comparable number of processes 
as the first two classification case studies, we averaged blood-oxygen-
level-dependent signals from the 114 original brain regions into the 
seven functional networks from Yeo et al.64, as depicted in Fig. 3g. We 
compared the performance of the Pearson correlation coefficient, used 
to construct functional connectivity matrices in the original publica-
tion (ref. 36) to our library of SPIs.

Classification. For all three case studies, our simple approach to SPI-
based classification involved computing the MPIs (6 × 6 for the smart-
watch activity and EEG state datasets, and 7 × 7 for the fMRI film dataset) 
for each z-scored MTS and repeating for each SPI. We then used the 
elements of these matrices as features for a linear SVM classifier. Note 
that we used the most recent version of pyspi (v.0.4.0) to compute 
SPIs for the classification case studies, which included some improved 
implementations of some SPIs. Features were extracted from each 
MPI differently for directed and undirected SPIs (see Supplementary  
Data 1): we used the upper triangular entries as features for undirected 
SPIs (for which the corresponding MPI is symmetric), whereas we used 
all non-diagonal elements as features for directed SPIs. As a preproc-
essing step, for each case study, we removed any SPI that had invalid 
entries (due to numerical issues) in any of the MPIs, or gave constant 
results across all MTS (see Supplementary Data 3 for a list of omitted 
SPIs). This yielded a set of 228 SPIs for the smartwatch activity prob-
lem, 219 SPIs for the EEG state problem and 227 SPIs for the fMRI film 
problem. For the analysis involving combining all SPIs into a single 
classifier, this yielded a total of 4,755 features for the smartwatch activ-
ity dataset, 4,659 features for the EEG state dataset and 6,743 features 
for the fMRI film dataset.

The linear SVM was implemented using default settings from 
Python’s scikit-learn65 as part of a classification pipeline that involved 
z-score feature normalization (fitted on training data and applied 
to unseen test data). The very simple methodological choices made 
here allowed us to focus on demonstrating the key conceptual types 
of analyses made possible by drawing on a diverse set of SPIs, aiding 
transparency while acknowledging that more complicated statistical 
methodologies are likely to improve the classification performance 
quoted here. We implemented 30 class-stratified train–test splits for 

cross-validation with the same proportions implemented in ref. 33 
using the StratifiedShuffleSplit function for the smartwatch activity 
and EEG state datasets. As there are N = 29 individuals in the fMRI film 
dataset, we implemented leave-one-individual-out cross-validation, 
such that each classifier was trained with the rest and film scans of 
N = 28 participants, and tested on the rest and film fMRI scans of the 
left-out participant.

We measured classification performance using total accuracy for 
all three case studies. Statistical significance was estimated using a per-
mutation testing approach whereby 100 null models were fitted (using 
randomly shuffled class labels) and evaluated using the same cross-
validation classification procedure described above. The observed clas-
sification performance for each SPI was then compared with the pooled 
null distribution of all SPIs, yielding P-values that were then adjusted for 
multiple comparisons by controlling the family-wise error at 0.05 using 
the method of Bonferroni66. The performance metric for the union of all 
SPIs was similarly compared with its corresponding null permutation 
distribution to yield a single P-value per classification problem.

Reporting summary
Further information on research design is available in the Nature  
Portfolio Reporting Summary linked to this article.

Data availability
The full database of 1,053 diverse real-world and simulated MTS 
analyzed here is available on the Zenodo repository at: https://doi.
org/10.5281/zenodo.7118947 (ref. 58). This resource could be used to 
test scientific methods on a diverse sample of MTS. Time-series data 
used in the three case studies are from open sources, as described in 
the ‘Classification case studies’ section in the Methods. Source data 
are provided with this paper.

Code availability
Accompanying this paper is an extendable Python-based package 
called pyspi57, which includes implementations of all 237 SPIs. This 
software allows users to compare the behavior of an interdisciplinary 
literature on methods for quantifying interactions between pairs of 
time series. Furthermore, code and instructions for reproducing the 
results and figures presented in this work can be found on the Zenodo 
repository at: https://doi.org/10.5281/zenodo.8027702 (ref. 67).
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2.4.5 Others

• The UEA LSST dataset is from the Photometric LSST Astronomical Time Series Classification

Challenge to classify astronomical time-series data. The dataset contains simulations of the light

curves of 14 astronomical objects across six different filters (passbands). We include 10 instances

from each of the thirteen classes of this dataset, giving a total of 130 MTS for this datatype.

• The UEA EigenWorms dataset is intended to classify C. Elegans as either wild types or (one of

four) mutant types based on time series recordings of their movements (which is translated via a

projection onto a base shape known as eigenworms). We truncate the dataset to have T = 3000

observations. We include 10 instances from each of the five classes of this dataset, giving a total of

50 MTS for this datatype.

• The UEA PEMS-SF data describes the occupancy rate (between 0 and 1) of different car lanes of San

Francisco bay area freeways from Jan 1, 2008 to Mar 30, 2009. Each time series represents a single

day sampled every 10 minutes (giving 144 observations) and the goal was to classify the correct day

of the week. We subsample the channels by randomly choosing a subsequence of lanes (processes)

with a random length M ∈ [10, 30]. We include 10 instances from each of the seven classes of this

dataset, giving a total of 70 MTS for this datatype.

• We obtained county-level COVID-19 cases in the USA, including records from 3006 counties over

T = 700 days of the pandemic [102]. From this database, we generated 10 instances of both the

incidence (number of daily cases) and the cumulative incidence (cumulative sum of daily cases),

where, in each instance, we randomly chose M ∈ [7, 15] counties.

3 Supplementary Methods and Results

3.1 The empirical similarity index

Some example MPIs are shown in Supplementary Fig. 1A for SPIs based on transfer entropy (SPI 73),

coherence magnitude (SPI 95), Kendall’s τ (SPI 18), and convergent cross-mapping (SPI 56) applied

to three different MTS. Different SPIs can yield quite different structures in their corresponding MPIs,

and the level of similarity can vary across different datasets. For example, in Supplementary Fig. 1A,

Kendall’s τ and convergent cross-mapping exhibit markedly different behavior for the currency pair but

qualitatively similar behavior on the coupled map lattice and human fMRI data.

The 1053 MTS have an average of approximately 11.89 processes, yielding 195 112 pairwise interactions

in total with which to compute the empirical similarity index per SPI pair. Note, however, that undirected

statistics have repeated entries in the upper and lower diagonals of the MPIs, and so the number of

effective samples (in computing the correlation coefficient) is halved, which may induce a higher variance

for undirected SPIs across all datasets when compared to directed SPIs [10].

The calculation of rd is depicted as ranked scatter plots in Supplementary Fig. 1B for the similarity on

human fMRI data between: (i) Kendall’s τ [1] and convergent cross-mapping (CCM) [29], rd = 0.57; and

(ii) transfer entropy [35] and coherence, rd = −0.34. For both of these pairs of SPIs, the distribution of

|rd| across all 1053 MTS is also shown in Supplementary Fig. 1B: the empirical similarity index between

two SPIs, R, is then the average of this distribution, as ⟨|rd|⟩d. While it was important to have a single

summary of this similarity for a pair of SPIs, as the mean, it is important to note that some pairs of

SPIs have quite a wide distribution of scores, |rd|, across datasets, d, indicating that they can give highly

correlated outputs on some MTS, but not on others. An example of a wide distribution is shown in

Suppelementary Fig. 1B, where the distribution of Kendall’s τ and CCM is approximately uniformly
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distributed across MTS, ranging from some MTS for which the two SPIs are uncorrelated, |rd| ≈ 0, to

other MTS for which there is perfect correlation, |rd| ≈ 1.

When using this approach to compare each pair of SPIs across the MTS library, we found a wide

range of similarity indices, from R ≈ 0 to R ≈ 1, illustrated by the cumulative distribution function in

Supplementary Fig. 1C. Each index was then used to construct the dendrogram (illustrated in Supple-

mentary Fig. 2) that gave us our findings in the main text. While we were able to use our index to capture

important empirical relationships using hierarchical clustering, it is difficult to interpret the raw index

value, R, in terms of a statistical model (for, e.g., hypothesis testing). This is because of two reasons: (i)

many MPIs contain values that are not completely independent of one another (due to higher-order de-

pendencies), and (ii) the set of all MPIs are themselves not completely independent (having occasionally

overlapping dynamics). As discussed in Sec. 2, the fact that the data used in computing the index are

not independent may result in fewer effective samples than expected, which could bias the estimate of an

absolute Spearman correlation and make many SPI pairs appear to have a higher correlation than they

actually do. Nevertheless, the effective sample size of the dataset does not affect empirical clustering.

Note that our main results are not highly dependent on the choice to summarize the distribution of

|rd| scores as a mean rather than a median. The two choices yield a set of SPI–SPI similarity scores

(that form the basis of the clustering shown here) that are highly correlated to each other, ρ = 0.99, and

result in a modular decomposition that is highly overlapping (a Rand index of 0.95 [103], using the same

threshold, R = 0.76, to form clusters).

3.2 Modular versus literature categorization of SPIs

We aimed to explore whether the literature categories or data-driven modules provided a more succinct

representation of algorithm performance on the three MTS classification datasets studied in this paper.

Grouping the SPIs by the six literature categories (of main text Fig. 1B) revealed a wide variability of

classification performance within each category. By contrast, as shown in Supplementary Fig. 3, grouping

SPIs by the fourteen data-driven modules (from main text Fig. 2A) results in far more characteristic

performance levels within modules, suggesting our data-driven modular representation as a useful way

to capture differential performance of SPIs on a given task. For example, on the smartwatch activity

dataset, SPIs from each literature category display a wide range of performance, including the information-

theoretic SPIs (green in Supplementary Fig. 3A), which vary in accuracy from 45% (for the undirected

SPI stochastic interaction with a Kozechenko–Leonenko estimator, si kozachenko k-1) to 92% (for the

directed SPI causally conditioned entropy with a Kozachenko–Leonenko estimator, cce kozachenko). By

contrast, we identify two modules containing consistently high-performing SPIs: M4 (transfer entropy)

and M5 (parametric Granger causality and integrated information), in Supplementary Fig. 3B. These

methods relate to measuring the communication and integration of information in a multidimensional

process, adopting the Wiener–Granger theory of ‘causality’ and ‘feedback’ discussed earlier, suggesting

that this way of conceptualizing and quantifying dependencies (predicated on self-predictability) is a

useful one for analyzing these human behavioral recordings. We find qualitatively similar results in the

EEG state dataset (Suppelementary Figs 3C,D) and fMRI film dataset (Supplementary Figs 3E,F).
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Supplementary Figure 1: We use the empirical similarity index, R, to measure the similarity
between two SPIs, based on the Spearman’s correlation coefficient between their pairwise
matrices, averaged across all MTS. A. From our MTS library, here we show three selected examples:
(i) exchange rates; (ii) coupled maps; and (iii) a functional Magnetic Resonance Imaging (fMRI) dataset.
For each dataset, we also show how pairwise dependencies between all elements of the system can be
captured as a matrix of pairwise interactions (MPI). The MPIs are normalized and shaded in grayscale,
with white being the lowest value, and black being the highest. We show four selected examples from our
library of SPIs: (i) Kendall’s τ ; (ii) convergent cross-mapping; (iii) transfer entropy; and (iv) coherence
magnitude. B. On a given dataset, we quantified the similarity between each pair of SPIs as the absolute
Spearman’s correlation coefficient of (non-diagonal) elements of the resulting pairwise matrices, as |rd|,
and averaged this quantity across all MTS to compute our empirical similarity score, R. Probability
distributions of |rd| are shown for two SPI pairs: (i) Kendall’s τ and convergent cross-mapping, and (ii)
transfer entropy and coherence magnitude. The resulting R, the average of this distribution, is shown
as a vertical dashed line. For each of these SPI pairs we also plot an example ranked scatter plot for
the fMRI dataset (yielding an |rd| value annotated red in the distribution plot). C. The cumulative
distribution function for the empirical similarity index across all pairs of SPIs, with annotations for: (i)
transfer entropy and coherence magnitude (R = 0.17); and (ii) Kendall’s τ and convergent cross-mapping
(R = 0.49).
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Supplementary Figure 2: A high-resolution dendrogram illustrates the empirical organization
of SPIs at a fine-grained scale. The color scheme illustrates clusters of SPIs below a cut-off of 0.76, and
leaf nodes are labeled according to the SPI identifiers given in Supplementary Sec. 1. See Supplementary
Data 1 for a list of SPIs assigned to modules.
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Supplementary Figure 3: Grouping SPIs by literature category can result in greater perfor-
mance variability on a given MTS classification problem than grouping SPIs by modules.
Classification accuracy distributions over SPIs are shown as a violin plot when grouping SPIs as literature-
derived categories, see main text Fig. 1B (left panels A, C, E) and by modular categories, see main text
Fig. 2A (right panels, B, D, F). Results are shown for each datasets analyzed: smartwatch movement
(A, B), EEG state (C, D), and fMRI film (E, F). Classification accuracy using the combination of all
SPIs is shown as a horizontal red line.
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662  Supporting Information Appendix for ‘A data-driven approach to identifying 
663  and evaluating connectivity-based neural correlates of consciousness’ 

 

Figure S1. Domain-independent task relevance is not well classified across FC measures and region–region pairs. Each 
raincloud plot shows the distribution of classification accuracy values for each FC measure in the corresponding region–region 
pair, partitioned by stimulus onset or stimulus offset period. For visualization purposes, the x-axis was truncated at 50% accuracy 
for both stimulus presentation periods, such that SPIs yielding lower than 50% accuracy are not shown here. 
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Figure S2. Cross-task classification between stimulus pairs shows comparable performance to that seen in the main 
stimulus type classification. Each raincloud plot shows the distribution of classification accuracy values for each FC measure in 
the corresponding region–region pair, resulting from classifiers trained on stimulus pairs in one relevance setting (e.g., ‘Relevant 
non-target’) and tested on the same stimulus pairs in the other relevance setting (e.g., ‘Irrelevant’). For visualization purposes, the 
x-axis was truncated at 50% accuracy for both stimulus presentation periods, such that SPIs yielding lower than 50% accuracy 
are not shown here. 

 
 
 
 

 
 

Figure S3. Detailed breakdown of the top-performing FC measures shared between two functional pathways. A The same 
Venn diagram from Fig. 4A is reproduced, with detailed annotation of the FC measures comprising the intersection between two 
functional pathways projecting from CS to VIS, PFC, or PAR. A The same Venn diagram from Fig. 4B is reproduced, with 
detailed annotation of the FC measures comprising the intersection between two functional pathways projecting to CS from VIS, 
PFC, or PAR. 
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Figure S4. Analyzing regional polarity in MEG signal supports computing the absolute value of MEG amplitude. A. The 
four regions of interest examined in this study are shown on the cortical surface in fsaverage space. B. The average MEG signal 
is shown for one participant (sub-CA114), with activity averaged across all epochs per region. The regions are colored as in A. 
Stimulus onset is denoted with a shaded gray rectangle (occurring between 0 to 1000 ms), followed by the 1000-ms offset period. 
C. The raw MEG signal is plotted at the point of peak brain-wide intensity, corresponding to 153 ms post-onset. Larger activity 
magnitudes indicate greater electrical current, arising primarily from postsynaptic activity in pyramidal neurons in the cortex, with 
the sign indicating the orientation relative to the MEG sensors. D. Vertex-wise activation values are summarized in raincloud plots 
for the CS and VIS regions in the left and right hemispheres, respectively. Horizontal bars in each half-violin represent the mean 
activation value in artificial units (a.u.). E. The average MEG signal is shown, computed across all participants (N=94) and all 
epoch types, per brain region. The regions are colored as in A. Stimulus onset is denoted with a shaded gray rectangle (occurring 
between 0 to 1000ms), followed by the 1000-ms offset period. F. The absolute value is obtained from the average MEG time 
series shown in E. 
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Figure S5. Stimulus decoding performance with barycenter-based FC measures does not systematically vary between absolute 
value versus raw (signed) empirical MEG time series. 

 
 
 

 
 

Figure S6. K-L divergence and Wasserstein distance between empirical vs. model-based maximum squared barycenter 
timepoints show consistent trends across different Euclidean and non-Euclidean barycenter geometries. 
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Figure S7. K-L divergence patterns are robust across added noise levels for simulated time series between GNWT and 
IIT. In each stimulus presentation period (‘on’ vs. ‘off’) and model context (‘GNWT’ vs. ‘IIT’), the distribution of timepoints for 
the maximum squared Euclidean barycenter is plotted for the empirical MEG data (thicker dashed black line) as well as for 
model-simulated data with noise thresholds ranging from 0.5 ≤ σ ≤ 1.0. The inset in each graph depicts the K-L divergence 
between the empirical versus model-simulated time series at the corresponding noise level. 
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Figure S8. Timing of the maximum squared Euclidean center is better approximated by the GNWT-based than IIT-based 
model across stimulus relevance settings, with either raw or absolute value time series. A, C, E. In each setting, we 
compare the distribution of timepoints corresponding to the maximum squared Euclidean barycenter for the empirical data (darker 
shading) versus model-simulated time series (lighter shading) for GNWT in green, corresponding to CS ↔ PFC, and for IIT in pink, 
corresponding to CS ↔ VIS in pink. The kernel-estimated densities are shown in each panel in (i), with the K-L divergence (DKL) 
and Wasserstein distance (WD) given for each empirical vs. model-simulated comparison. The timepoints and corresponding 
maximum barycenter magnitudes are shown in each (ii) panel. Here, we compare (A) absolute time series in task-irrelevant 
epochs; (C) raw time series in relevant non-target epochs; and (E) raw time series in task-irrelevent epochs. B, D, F. In each 
stimulus presentation period (‘on’ vs. ‘off’) and model context (‘GNWT’ vs. ‘IIT’), the distribution of timepoints for the maximum 
squared Euclidean barycenter is plotted for the empirical MEG data (thicker dashed black line) as well as for model-simulated 
data with noise thresholds ranging from 0.5 ≤ σ ≤ 1.0. The inset in each graph depicts the K-L divergence between the empirical 
versus model-simulated time series at the corresponding noise level. 
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Supplementary figures for "Extracting interpretable signatures of1477

whole-brain dynamics through systematic comparison"1478

Figure S1. While several brain regions exhibited altered dynamics in each case–control
comparison, only a subset were significant in SCZ and BP after multiple comparisons. A. The
distribution of balanced accuracy values across test folds is shown as a raincloud plot for each significant
brain region (Padj < 0.05, corrected across 82 regions) in SCZ (i) and BP (ii). The horizontal line within each
half-violin indicates the mean balanced accuracy for the corresponding brain region. B. The Venn diagram
illustrates the number of significant brain regions for each of SCZ (purple) and BP (blue), indicating that
one brain region (left thalamus) is shared between the two disorders. C. For each of the four disorders,
regions are shaded dark to indicate Padj < 0.05 (corrected across 82 regions for SCZ, BP, and ADHD;
across 48 regions for ASD). Additionally, regions are shaded light to indicate that the nominal uncorrected
P < 0.05. Gray shading indicates that the uncorrected P > 0.05 for the balanced accuracy in the given
region.
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Figure S2. Region-wise classification balanced accuracy is not associated with volumetric
differences across clinical groups. A. For each brain region in the UCLA CNP dataset, the mean balanced
accuracy is plotted relative to the absolute β coefficient estimated from ordinary least squares regression of
region volume on diagnosis per clinical group. Pearson correlation estimates (R) and corresponding P -values
are annotated in the top right corners. B. As in A, for each brain region, the mean balanced accuracy is plotted
relative to the average region volume (measured in number of voxels) across all participants in the UCLA CNP
cohort. Pearson correlation estimates, R, and corresponding P -values are shown in the top right corners.
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Figure S3. BOLD fMRI feature-based representations generally improve diagnostic classification
beyond age, sex, and mean FD. A. The percentage of males (blue) and females (red) per diagnostic group
is shown for the UCLA CNP cohort (upper) and the ABIDE cohort (lower). Sex proportions were compared
for each disorder relative to the corresponding control group using a chi-square test, with significance level
indicated as ∗∗∗P < 0.001, ∗∗P < 0.01, ∗P < 0.05, n.s. P > 0.05. B. The distribution of participant ages is
shown as a raincloud plot per diagnostic group for the UCLA CNP cohort (left) and the ABIDE cohort (right).
The horizontal line within each half-violin indicates the mean age for the corresponding distribution. Age
distributions were compared for each disorder relative to the corresponding control group using a Wilcoxon
rank-sum test, with significance level indicated as ∗∗∗P < 0.001, ∗∗P < 0.01, ∗P < 0.05, n.s. P > 0.05. C. The
mean framewise displacement (FD) computed with the method from Power et al. [176] is shown with raincloud
plots for all participants in the UCLA CNP (left) and ABIDE cohorts (right). The horizontal line within
each half-violin indicates the mean FD for the corresponding group. Mean FD distributions were compared
for each disorder relative to the corresponding control group using a Wilcoxon rank-sum test, with significance
level indicated as ∗∗∗P < 0.001, ∗∗P < 0.01, ∗P < 0.05. D. Case–control classification balanced accuracy is
shown for all 100 test folds per each disorder based on participant sex, age, or mean FD. The horizontal line
within each half-violin indicates the mean balanced accuracy for the corresponding distribution. The dashed
horizontal line in the background denotes 50% balanced accuracy. E. For each representation type (rows) and
neuropsychiatric disorder (columns), the classification accuracy of each model (e.g., left pericalcarine cortex in
Aregion) is compared using five distinct classier inputs: (1) age + sex only, in purple; (2) age + sex with BOLD
time-series features from the given model, in yellow; (3) just BOLD time-series features, in green; (4) age + sex
+ mean FD with BOLD time-series features, in red; and (5) age + sex + mean FD only. Each dot corresponds
to one model (e.g., the left pericalcarine cortex in [i] Aregion) and lines connect model types to guide visual
comparison. The horizontal dashed line in each plot is included to show the chance baseline performance of
50% balanced accuracy.
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Figure S4. While several brain regions exhibited altered dynamics in each case–control
comparison, only a subset were significant in SCZ and BP after multiple comparisons. A. The
Venn diagram illustrates the number of significant intra-regional time-series features for each of SCZ (purple)
and ASD (orange), indicating that three features are shared between the two disorders. B. The distribution
of balanced accuracy values across test folds is shown as a raincloud plot for each intra-regional time-series
feature that yielded a balanced accuracy with either Pcorr < 0.05 (darker) or Puncorr < 0.05 (lighter). The
horizontal line within each half-violin indicates the mean balanced accuracy for the intra-regional time-series
feature.
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Figure S5. Head motion is generally higher in cases than in controls, but is only associated
with brain-wide BOLD SD in the ABIDE cohort. A. The mean framewise displacement (FD)
computed with the method from Power et al. [176] is shown with raincloud plots for all participants in the
UCLA CNP (left) and ABIDE cohorts (right). The horizontal line within each half-violin indicates the
mean FD for the corresponding group. Mean FD distributions were compared for each disorder relative
to the corresponding control group using a Wilcoxon rank-sum test, with significance level indicated as
∗∗∗P < 0.001, ∗∗P < 0.01, ∗P < 0.05, n.s. P > 0.05. B. The brain-wide average BOLD SD is plotted
against the mean FD across SCZ and control participants in the UCLA CNP cohort (upper) as well as
ASD and control participants in the ABIDE cohort (lower), with the Pearson correlation estimates (R) and
corresponding p-values shown in each plot. B. For each brain region, the average BOLD SD is shown across
all SCZ an control participants in the UCLA CNP cohort (upper) as well as ASD an control participants
in the ABIDE cohort (lower). Note that different color scales are used for the two cohorts, respectively.
D. For each brain region, we computed the Pearson correlation between the region-wise BOLD SD and
whole-brain mean FD values in the UCLA CNP cohort (upper) as well as ASD and control participants
in the ABIDE cohort (lower). Pearson correlation estimates (R) are shown in brain maps, in which only
brain regions for which Benjamini–Hochberg corrected P < 0.05 are shaded (corrected across 82 regions for
UCLA CNP and 48 regions for ABIDE). Note that the same color scale is used for both cohorts.
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Figure S6. Linear dimensionality reduction and regularization approaches did not improve
out-of-sample classification for the univariate region × feature classifiers, Auni_combo. A. For
each disorder, individual scores for the first two PCs are plotted, with points colored according to diagnosis.
Shaded areas reflect convex hulls encapsulating all points for each diagnostic group. Note that each PCA was
computed separately for each case–control comparison, so PC1 and PC2 scores are not directly comparable
across clinical groups. B. For each case–control comparison, we compare the out-of-sample balanced accuracy
across the 100 repeats × folds using all region × feature variables (left, dark purple) versus using only scores for
the first 25 PCs (right, light purple). Points are randomly jittered along the horizontal axis in each raincloud
plot to aid visualization. The horizontal line within each half-violin indicates the mean balanced accuracy for
the corresponding distribution. C. For each case–control comparison, we compare the out-of-sample balanced
accuracy across the 100 repeats×folds using default regularization (left, dark green) versus L1 (‘LASSO’ [192])
regularization (right, light green).
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Figure S7. Comprehensive comparison of classifier types and hyperparameter optimization
supports the use of linear SVM. A. For each of the three univariate representations—Aregion, Afeature,
and Auni_combo—the mean cross-validated balanced accuracy is shown per disorder using each of five different
classifier types. Each dot corresponds to one model input type (e.g., left pericalcarine cortex in Aregion) and lines
connect model input types across classifiers per disorder to guide visual interpretation. The dashed horizontal
lines indicate 50% balanced accuracy in all plots. B. For the same univariate representations as in A, the mean
cross-validated balanced accuracy is shown for the linear SVM classifier without hyperparameter optimization
(i.e., explicitly setting C = 1 and applying inverse probability weighting; green) or with hyperparameter
optimization for the C parameter and sample weighting type in purple. The dashed horizontal lines indicate
50% balanced accuracy in all plots.
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Figure S8. Classification performance is comparable within individual ABIDE consortium imaging
sites. The mean cross-validated balanced accuracy is shown with the inclusion of participants from all ABIDE
sites together (blue, N = 1091 participants) for each of (i) Aregion, (ii) Afeature, (iii) Auni_combo, (iv) AFC,
and (v) AFC_combo. The mean cross-validated balanced accuracy is also shown when we restricted classification
analyses to each of the two largest ABIDE imaging sites: Site #20 (purple, N = 106 participants) and Site #5
(yellow, N = 98 participants). Each dot corresponds to one individual model (e.g., the Superior Frontal Gyrus
in Aregion) and lines connect models across ABIDE site analyses to guide visual interpretation. The dashed
horizontal line marks 50% balanced accuracy in all plots.
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Figure S9. Representing brain activity as the set of all pairwise functional connectivity
strengths, AFC, can significantly distinguish cases from controls, with the classical Pearson
correlation coefficient (capturing linear contemporaneous coupling) a top performing metric.
A. We compared 14 statistics of pairwise interactions (SPIs) (from pyspi [25], cf. Sec. 4.2.2), as different
ways of quantifying functional connectivity (FC) between pairs of brain regions. For a given SPI, each
participant was represented by the set of corresponding FC values (calculated for each pair of brain regions),
yielding a set of region–region pair values that can be stored as a one-dimensional vector per participant.
These vectors were concatenated to yield a participant × region–pair matrix that formed the basis for
case–control classification using a linear SVM. B. Classification results are shown as a heatmap, with rows
representing SPIs that yielded significant balanced accuracy (pcorr < 0.05, corrected across 14 SPIs) in at
least one disorder, and columns representing each of the four disorders. Of the 14 SPIs we evaluated,
eleven significantly distinguished cases from controls in at least one disorder, and are plotted here. The
Pearson correlation coefficient is annotated in boldface for easier reference. C. The SPI similarity score,
|ρSPI|, is visualized between each pair of the eleven SPIs from B as a heatmap, revealing six clusters of SPIs
with similar behavior on the dataset (based on their outputs across all region–pairs and all disorders). As
in B, the Pearson correlation coefficient annotation is shown boldface. D. The disorder similarity score,
ρdisorder, is depicted to compare the balanced accuracy values among all 14 SPIs between each pair of
neuropsychiatric disorders; a large positive ρdisorder indicates a strong positive Spearman correlation in
case–control classification performance across the 14 SPIs in the given pair of disorders.
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Figure S10. The mean FC value across all region–region pairs by SPI. For each participant in the
UCLA CNP and ABIDE cohorts, we calculated the mean FC value across all region–region pairs per SPI
and show the distributions across participants as raincloud plots. The solid horizontal line in each half-violin
indicates the mean balanced accuracy and the dashed horizontal axis line denotes 50% balanced accuracy.
Wilcoxon rank-sum test results are indicated with ∗∗∗, Pcorr < 0.001; ∗∗, Pcorr < 0.01; ∗, Pcorr < 0.05.

Figure S11. Comparing classification performance with the full region–region feature space
or the brain-wide mean FC for each SPI. For each SPI, we compared case–control classification
performance in each of the four disorders using either the full region–region pair input matrix (left) or the
brain-wide average across all region–region pairs (right). Here, we show the distribution of all 100 test folds
(10 repeats × 10 folds) as raincloud plots, where each dot represents one test fold. The solid horizontal line
in each half-violin indicates the mean balanced accuracy and the dashed horizontal axis line denotes 50%
balanced accuracy. Corrected resampled T -test results are indicated with ∗∗∗, Pcorr < 0.001.
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Figure S12. Raw covariance and normalized Pearson correlation coefficient show comparable
case–control classification performance. For each disorder (SCZ, BP, ADHD, and ASD), we plot
the distribution of test balanced accuracy values across 100 folds (10 repeats × 10 folds) with the same
scikit-learn pipeline for the raw covariance matrix across all region–pairs (‘Cov’, left) versus the
normalized Pearson correlation matrix (‘Pearson’, right). The solid horizontal line in each half-violin
indicates the mean balanced accuracy and the dashed horizontal axis line denotes 50% balanced accuracy.

Figure S13. Cross-disorder classification analysis in the UCLA CNP cohort based on pairwise
functional connectivity. The out-of-sample balanced accuracy distribution (averaged across SCZ, BP,
ADHD, and Control participants in the UCLA CNP cohort) is shown for each SPI on its own (A, AFC) or
with the inclusion of whole-brain local dynamics (B, AFC_combo). Each dot corresponds to one test fold
(for a total of 100 data points, across 10 repeats × 10 folds), and the vertical black line in each half-violin
corresponds to the mean balanced accuracy across test folds.
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Figure S14. Comparing classification performance with versus without inverse probability
weighting.
A. For each disorder, the mean balanced accuracy per brain region is shown with no weighting (‘None’) or
inverse probability weighting (‘Balanced’). Lines correspond to each of 82 brain regions for SCZ, BP, and
ADHD and each of 48 brain regions for ASD. Colors are included as a visual aid to highlight the difference in
performance between the two weighting types, with red corresponding to higher balanced accuracy with inverse
probability weighting and blue corresponding to lower balanced accuracy with inverse probability weighting.
B. For each disorder, the mean balanced accuracy per univariate time-series feature is shown with no weighting
(‘None’) or inverse probability weighting (‘Balanced’), as in A.
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Figure S15. Comparing normalization methods supports the use of the outlier-robust mixed
sigmoid method. Univariate time-series feature values were concatenated from all brain regions, with the
resulting distributions depicted for all participants in the UCLA CNP cohort (A) or ABIDE cohort (B) with no
normalization (upper row), z-score normalization (middle row), and outlier-robust mixed sigmoid normalization
(bottom row; see Methods Sec. 4.3.1 for description). Pairwise SPI feature values were concatenated from all
region–region pairs, with the resulting distributions depicted for all participants in the UCLA CNP cohort (C)
or ABIDE cohort (D) with no normalization (upper row), z-score normalization (middle row), and outlier-robust
mixed sigmoid normalization (bottom row).
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Figure S16. Null balanced accuracy metrics are approximately normally distributed across brain
regions in all clinical cohorts. The distribution of 1000 null balanced accuracy values (cross-validated over
10 repeats of 10 folds each) is shown for each brain region by disorder. Empirical null values are visualized as
histograms, with the probability density overlaid as black lines for the normal distribution based on the mean
and standard deviation for each null distribution. These normal distributions were used to compute p-values for
each brain region based on the corresponding probability density function; the same procedure was also applied
for univariate and pairwise time-series features. ASD brain regions are plotted separately from the SCZ, BP,
and ADHD brain regions as different parcellation atlases were analysed for UCLA CNP (Desikan-Killiany atlas)
and ABIDE cohorts (Harvard-Oxford cortical altas). The dashed vertical line marks 50% balanced accuracy in
all plots.

14

abry4213
274



Appendix 5: Supplementary material for
Chapter 6

275



Supporting Information for ‘Mapping functional, structural, and832

transcriptomic correlates of homotopic connectivity’833

Figure S1. Neurotypical control cohorts show general concordance in homotopic functional connectivity (HoFC) spatial
variation. A. The regional homotopic functional connectivity (HoFC) values are projected onto the cortical surface for the group
averages representing neurotypical control participants from the (i) HCP cohort (N=207) and (ii) UCLA cohort (N=116). Note
that the correlation coefficients were z-transformed only for the HCP cohort as part of the ENIGMA preprocessing pipeline [48].
B. The HoFC values are plotted for each region in the HCP cohort (x-axis) and UCLA cohort (y-axis), with the Spearman rank
correlation (ρ) annotated. ∗∗∗, P < 0.001, single-hemisphere spin test with 10,000 permutations [56].

Figure S2. The spatial variation in cortical HoFC is not associated with non-thresholded structural connectivity in a
similar HCP cohort. (i) As a robustness analysis, we additionally examined a similar subset of 100 unrelated individuals from
the HCP S1200 release as in previous work [82] with a non-thresholded group consensus connectome, derived by computing
the mean streamline count per region–region pair across all individuals. Streamline counts are log10-transformed; any edges
with zero streamlines, or with negative counts after log-transformation, were then set to zero. (ii) The mean log10-streamline
count connecting each homotopic region pair (x-axis) is plotted against the HoFC for each corresponding region (y-axis), with the
Spearman rank correlation (ρ) annotated.
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abry4213
276

abry4213

abry4213



Figure S3. Spatial variation in homotopic functional connectivity (HoFC) is not associated with venous density. (i) The
mean venous density in each region is plotted on the cortical surface, averaged between the two hemispheres per region. (ii)
The mean hemisphere-averaged arterial density values from the same regions shown in (i) are plotted on the x-axis against the
HoFC in each corresponding region on the y-axis. The Spearman rank correlation (ρ) is annotated.
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Supplementary material for 'Benchmarking 
overlapping community detection methods for 

applications in human connectomics' 

Figure S1: The left and right cerebral hemispheres exhibit highly similar intra-hemispheric structural con-
nectivity profiles. A. For the left (purple) and right (green) hemispheres, the distribution of (i) log-transformed mean 
edge strengths, averaged across the group of N=973 participants, and (ii) the edge-wise CV values without any 
thresholding. B. As in A, after filtering to edges ranking in the lowest 15% of CV values (as in the main text).
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Figure S2: Parameter sweeps support the selection of P = 0.3 and seed number 61 for OSLOM. A. For 
each P -value threshold from 0.01 to 1, the mean number of communities that OSLOM identified f rom the empirical
human cortical connectome is shown as a line plot. The shaded gray ribbon indices ± 1 SD and the red lines highlight 
the 0.15 ≤ P ≤ 0.35 range. B. For each P -value threshold from 0.01 to 1, the mean number of nodes that OSLOM
identified as overlapping across two or more communities is shown as a  l ine p lot. The shaded gray r ibbon indices ± 
1 SD and the red lines highlight the 0.15 ≤ P ≤ 0.35 range. C. For the 0.15 ≤ P ≤ 0.35 range, the mean pairwise 
ENMI between each seed and all 99 other evaluated seeds is plotted as a heatmap. The color range indicates that
the mean ENMI values range between [0.27, 0.71], with an average of 0.58 ± 0.06 (arbitrary units). D. For the final 
seed selection (61), the pairwise ENMI between seed 61 and each of the 99 other seeds is depicted as a raincloud
plot. Specifically, for each P - threshold f rom 0 .15 ≤  P  ≤  0 .35, there are 99 purple points corresponding to the ENMI 
between seed 61 and each of the 99 other seeds. The gray violins correspond to the ENMI distributions across all
4950 pairs of seeds from 1 to 100 (excluding self–pairs). Within each violin, the black bar measures the mean ENMI
between all seed–seed pairs excluding seed 61, while the purple bar indicates the mean ENMI between seed 61 
and all other seeds. The violin at P = 0.3 is highlighted in blue with a star as this is the final P - threshold choice in
combination with seed 61, which yielded a mean ENMI of 0.64 ± 0.11, compared to the average across all other seeds 
of 0.59 ± 0.10.
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Figure S3: ENMI exhibits a heteroskedastic relationship for OSLOM applied to the right-hemisphere struc-
tural connectome, but the mean and median are very closely related. A. The mean (x-axis) and standard devia-
tion (y-axis) of ENMI values for each of 100 initialization seeds supplied to OSLOM with the empirical right-hemisphere 
cortical connectome. B. The mean (x-axis) and median (y-axis) of ENMI values, as in A.
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Figure S4: Louvain partitioning with γ = 1 yields a representative six-community decomposition, with 
comparable properties to that of a seven-community decomposition with γ = 1.5. A. For the resolution parame-
ters γ = [0.5, 0.6, . . . 1.5], Louvain partitioning was performed using 100 initialization seeds each. The mean number of
detected communities per γ value is plotted as a black line, with the shaded ribbon indicating ±1 standard deviation. 
The green line at γ = 1 is included to guide visual interpretation for this threshold selection parameter, with a repre-
sentative six-community decomposition projected onto the cortical surface in B. C. The result in B corresponds to the 
seed number 98, which was selected based on its maximal normalized mutual information (NMI) value to all other eval-
uated seeds, as shown in the heatmap. The pairwise NMI values are depicted as a heatmap, with the selected seed 
(98) outlined in bold with a star. D. To compare our seven-community OSLOM decomposition with a seven-community 
Louvain decomposition specifically, we also evaluated a  maximally representative seed (seed=91) with the threshold 
γ = 1.5. These seven communities are projected onto the right cortical surface here. E. Scatter plots for PLouvain 
versus zLouvain for every node in the right hemisphere cortical connectome, using γ = 1.5. The overlapping nodes 
(obtained by OSLOM-30) are marked in two-tone circles, with the two colors indicating the pair of communities bridged 
by the node. F. Louvain (with γ = 1.5) assigns nodes 8BM and 9m to a community of 32 total nodes spanning frontal, 
cingulate, and retrosplenial/dorsomedial cortices (n.b., only a subset of these nodes are shown that are structurally 
connected to 8BM and/or 9m). Gray circles in the network plot represent nodes that are structurally connected to 
8BM and 9m but not assigned to the same Louvain module. G. For each overlapping node identified by OSLOM-30, its 
mean PG1 value is compared with its PLouvain. Spearman’s ρ = 0.37, P = 0.17.
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Figure S5: OSLOM with different thresholds consistently require the longest time to run, but yield the
highest overall ENMI in the benchmark network ensemble. The mean computation time (in log(10)-transformed 
number of seconds) is plotted on the x-axis against the mean ENMI on the y-axis, each averaged across the 1,000
simulated networks in the benchmark ensemble. The cross-bars indicate ±1 standard deviation for computation time 
(x-axis) or ENMI (y-axis).
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Figure S6: OSLOM yields a good balance between sensitivity and specificity in identifying ground-truth 
overlapping nodes across the benchmark ensemble. The mean sensitivity is plotted on the x-axis against the 
specificity on the y-axis, each averaged across the 1,000 simulated networks in the benchmark ensemble.

Figure S7: For each brain region, the proportion of vertices mapping to each of the 7-Network areas from Yeo et 
al. [8] was computed, with the percentages indicated as heatmap tile values. Brain regions are grouped along the x-
axis by OSLOM-identified structural module, with the ‘overlapping’ regions to the left of each cluster (annotated by 
the red bar below the heatmap). Note that overlapping regions were included as columns in each of the corresponding 
OSLOM modules, such that each overlapping region appears two or three times in the heatmap.
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Figure S8: Overlapping regions identified by OSLOM_30 have a greater degree and are larger than non-
overlapping regions on average. A. The distributions of nodal degree are shown for overlapping regions (purple, 
15 regions) and non-overlapping regions (grey, 164 regions) as raincloud plots. ∗∗∗∗, P = 3 × 10−7, unpaired Wilcox 
rank-sum test between overlapping vs. non-overlapping degree (i.e., sum of log-transformed streamline counts per 
region). B. The distributions of cortical surface vertices contained within each overlapping region (purple, 15 
regions) or non-overlapping region (grey, 164 regions) are shown as raincloud plots. ∗, P = 0.03, unpaired Wilcox 
rank-sum test between overlapping vs. non-overlapping vertex counts.

Figure S9: There is no difference in the vertex-wise SD of first principal gradient (PG1) values between 
overlapping vs. non-overlapping regions. The distributions of PG1 SD (across vertices) within each region are 
shown as raincloud plots for overlapping regions (purple, 15 regions) or non-overlapping regions (grey, 164 regions). 
n.s., P > 0.05, unpaired Wilcox rank-sum test between overlapping vs. non-overlapping PG1 SD values.
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Figure S10: The participation coefficient from the OSLOM decomposition, but not the Louvain decompo-
sition, is significantly correlated with the first principal gradient of  functional connectivity (PG1) across the 
right hemisphere cortex. For each node in the 180-region HCP–MMP1 atlas, its mean PG1 value is compared with 
its participation coefficient from either Louvain (PLouvain) or OSLOM (POSLOM) partitioning. Spearman’s ρ is shown for 
each comparison; ∗∗∗, P < 0.001.

abry4213
286




