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Abstract

A crucial challenge in neuroscience involves characterising brain dynamics from high-
dimensional brain recordings. Dynamic Functional Connectivity (dFC) is an analysis
paradigm that aims to address this challenge. dFC consists of a time-varying matrix (dFC
matrix) expressing how pairwise interactions across brain areas change over time. How-
ever, the main dFC approaches have been developed and applied mostly empirically,
lacking a common theoretical framework and a clear view on the interpretation of the
results derived from the dFC matrices. Moreover, the dFC community has not been using
the most efficient algorithms to compute and process the matrices efficiently, which has
prevented dFC from showing its full potential with high-dimensional datasets and/or real-
time applications. In this paper, we introduce the Dynamic Symmetric Connectivity Matrix
analysis framework (DySCo), with its associated repository. DySCo is a framework that
presents the most commonly used dFC measures in a common language and imple-
ments them in a computationally efficient way. This allows the study of brain activity at
different spatio-temporal scales, down to the voxel level. DySCo provides a single frame-
work that allows to: (1) Use dFC as a tool to capture the spatio-temporal interaction pat-
terns of data in a form that is easily translatable across different imaging modalities. (2)
Provide a comprehensive set of measures to quantify the properties and evolution of dFC
over time: the amount of connectivity, the similarity between matrices, and their informa-
tional complexity. By using and combining the DySCo measures it is possible to perform
a full dFC analysis. (3) Leverage the Temporal Covariance EVD algorithm (TCEVD) to
compute and store the eigenvectors and values of the dFC matrices, and then also com-
pute the DySCo measures from the EVD. Developing the framework in the eigenvector
space is orders of magnitude faster and more memory efficient than naive algorithms in
the matrix space, without loss of information. The methodology developed here is vali-
dated on both a synthetic dataset and a rest/N-back task experimental paradigm from the
fMRI Human Connectome Project dataset. We show that all the proposed measures are
sensitive to changes in brain configurations and consistent across time and subjects. To
illustrate the computational efficiency of the DySCo toolbox, we performed the analysis
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DySCo

The DySCo framework comes with a repository.

We developed the code to compute all the
DySCo quantities both in MATLAB and in
Python, which is available at
https://github.com/Mimbero/DySCo. Note that,
both in MATLAB and in Python, we provide all

the "core functions” (compute TCEVD, compute

norm, distance, etc...) to autonomously build a
processing pipeline. However, we also offer an
already built example Python pipeline, the one
that has been used to process the HCP data.
The repository also features a Python GUI to
run the analyses.
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at the voxel level, a task which is computationally demanding but easily afforded by the
TCEVD.

Author summary

The brain transitions through a landscape of multiple dynamic configurations over time.
Developing tools to study this landscape is crucial for a better understanding of the
dynamic properties of the brain and to assess how they relate to cognition, behaviour,
and pathologies. Dynamic Functional Connectivity (dFC) serves as a valuable tool for
this purpose; However, despite its widespread use, the field has lacked a theoretical
framework, optimized algorithms, and a standardized set of measures. DySCo provides
a unified framework for the most commonly used dFC approaches. It develops a set of
measures to quantify the properties of dFC and proposes algorithms that enable the
computation and analysis of dFC with minimal computational effort. This innovation
facilitates the use of dFC as a fast and efficient tool for high-dimensional datasets or real-
time data. In this paper, we demonstrate the utility of DySCo by applying it to task-based
fMRI data.

Introduction

The brain is increasingly recognized as a complex system whose activity is characterized by
transient patterns of interaction across segregated regions [1]. The field of dynamic Func-
tional Connectivity (dFC) aims to investigate the dynamics of these interactions [2]. There
is a plethora of publications employing methods to uncover the structure of dFC, especially
in fMRI [3-5]. Starting from a seminal work on schizophrenia [6], the field of “Chronnec-
tomics” has shown great potential in elucidating and characterizing differences in typical ver-
sus atypical brain dynamics [7]. Some exemplar applications are in psychiatric disorders [8-
11], neurodevelopment [12], ageing and neurodegeneration [13-16], cognitive performance
and flexibility [17], the effect of psychedelics [18,19], and neurological conditions, such as
epilepsy [20] or traumatic brain injury [21].

There is also a growing corpus of dFC applications in electrophysiology ([22] exten-
sively reviews its associated methods) and in combined EEG-fMRI data ([23,24] investi-
gate the link between EEG and BOLD dFC). In wide-field calcium imaging, dFC has been
effective in encoding spontaneous behaviour [25]. These works suggest that brain dynam-
ics and their dFC encoding translate both across species and imaging modalities. This is
rendered possible as dFC aims to capture the dynamic changes in brain-wide global con-
figurations, in contrast to methods that focus on activity in individual regions, as mapping
the specific role of each region appears to be less important than understanding how they
interact.

The foundation of all dFC approaches is a time-varying matrix which expresses how pair-
wise interactions between nodes of the network change with time in a given brain record-
ing. This significantly improves the classic view of Static Functional Connectivity in which a
unique, averaged connectivity matrix is representative of the whole recording [26].

The most common approach to compute dFC is based on sliding window correla-
tion/covariance matrices [2,4,27-29]. This approach is simple to implement, interpret and can
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be generalised to any type of signal, from fMRI to electrophysiology, while not overimposing
any hypothesis/model on the signals themselves.

More recently, a method based on instantaneous co-fluctuation patterns has been intro-
duced [30-32]. This method can be seen as an instantaneous covariance matrix. These
co-fluctuation patterns also hold potential for expanding the investigation into higher-
order interactions [31,33]. Another approach, which is complementary to these correlative
approaches, models brain areas as oscillators with an amplitude and a phase, and computes a
measure of phase coupling [17,34]. This switches the problem from one of identification of an
appropriate time-window size to one of finding a bandwidth of interest, where signals can be
legitimately approximated by simple oscillations [35]. This approach has been especially suc-
cessful in fMRI signals, which are usually narrowband filtered. It has applications in the study
of wake-sleep [36], psychedelics [18,19], neurodevelopment [12], psychiatric disorders [11],
and ageing [15].

These three approaches have methodological commonalities, and a set of operations on
the dFC matrices are performed to capture their properties. Firstly, the eigenvectors of the
or as a denoising step. Secondly, a measure that synthesises the overall amount of interac-
tions expressed by the matrix is needed (for example, mean synchrony [37]). Third, a mea-
sure of similarity/distance between two dFC matrices is needed either to perform clustering
[4] or to analyse dFC changes through the recordings [13]. Finally, given the increasing atten-
tion towards measures of brain complexity, different measures of entropy have been proposed
[38]. All these operations are computationally demanding: a recording of N signals at T time
points produces T matrices of size N X N, which could be difficult to process and interpret
when the spatial and temporal resolutions are high. This is why dFC analyses are often carried
out on parcellated data.

However, the results produced in the field of dFC in the past years are mostly empirical,
and a formal and unified mathematical framework to compute different matrices and quan-
tify their properties is lacking. We also believe there is a need to complement the dominant
view of dFC, which focuses on tracking changes in functional connections over time, with the
characterisation of spatio-temporal interaction patterns of signals. The dFC analysis frame-
work should thus include measures of the properties of these patterns and their continuous
evolution in time.

In this paper, we propose a dFC analysis framework with metrics suited to capture the
properties described above and designed to optimize computational times, allowing real-
time computations and parcellation-free analyses, which are prohibitive with algorithms and
approaches currently used. This last aspect is critical given the explosion of temporal and
spatial scales of neural databases of the latest years, for example, ultra-fast fMRI [39], high-
resolution electrophysiology [40], widefield calcium imaging [25], and 2-photon imaging [41].

Our intention is to characterise dynamic connectivity patterns as a low-dimensional,
structured object in a high-dimensional space (a data scatter/data “cloud”). Thus, the core
of the DySCo approach to dynamic Functional Connectivity is to study the evolution of
these spatio-temporal interaction patterns in time. Biologically speaking, these represent
the transient functional states/repertoires that emerge and disappear in the brain through
time.

We present and validate the DySCo framework on synthetic and a rest/N-back fMRI task
from the Human Connectome Project, and then present more in detail the framework, its
implementation and the measures proposed in the Theory section.
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Results
The DySCo framework

DySCo is a framework for dynamic Functional Connectivity analyses. The Theory (see The
DySCo theory) starts from known linear algebra facts to build the framework. It uses a com-
mon mathematical formulation for the following matrices: sliding/weighted window correla-
tion (Pearson, Spearman, partial), sliding/weighted window covariance, co-fluctuation, phase
alignment and locking (based on both wavelet or Hilbert transform), wavelet coherence spec-
trum, and more (see Mathematical structure of the DySCo dFC matrices). Fig 1C shows a
classification of these matrices. Indeed, all of them can be written in the following low-rank
form:

t+T/2
C(t) = Z wix(i)x(i)" (1)
i=t-1/2

Where C(t) is the time-varying matrix, the vectors x(i) are the signals or a transformation
of the signals at a time , and T is the size of the time window.

This allows the development of a unified framework (see The DySCo theory) where all
metrics can be efficiently computed, irrespective of the view taken on the representation of
dynamic connectivity.

We propose the DySCo measures (see DySCo measures), which quantify the properties of
the spatio-temporal patterns (“clouds” of points) and their continuous evolution in time (see

Fig 1).

« The time-varying norms || C(¢) |1, || C(¢) |2, and, || C(¢) ||c0» are a measure of the total
amount of instantaneous spatio-temporal interactions.

o The distances || C(t;) - C(t2) |l1/2/00 represent the similarity between dFC matrices at
different time points and can capture how C(¢) evolves in time.

+ The Von Neumann entropy E(C(t)) quantifies the complexity of the spatio-temporal
interaction patterns expressed by C(#).

o In the Theory section (see DySCo measures) we show that from these core measures it
is possible to compute derived measures to perform the typical analyses in dFC, such as
clustering, functional connectivity dynamics (FCD), reconfiguration speed, metastabil-
ity. In particular, FCD is the temporal distance matrix for every couple of time points
FCDj; = ||C(t;) - C(1;)||- Reconfiguration speed is the distance between the matrix C(t)
and the matrix at a previous time point C(¢-7), so s(¢) = ||C(¢) - C(¢-7)||. Metastability
is the standard deviation in time of the norm, thus: meta = std(|| C() ||).

The unified theoretical framework that expresses all the types of matrices in terms of Eq 1
allows to compute the time varying EVD of C(t), using the Temporal Covariance EVD algo-
rithm (TCEVD, see The Temporal Covariance EVD algorithm for the computation of dFC
matrices and their eigenvectors). Thus, instead of computing C(t) for each time point, DySCo
proposes to compute its time-varying decomposition EVD(t). Then, all the DySCo measures
can be computed from the matrices expressed with their eigenvalues and eigenvectors.

The pipeline of the DySCo framework is implemented as packages in both MATLAB and
Python and involves the following 3 steps (illustrated in Fig 2):

1 Selection of dFC matrix C(¢) to compute from the signal of choice, it is worth noting that
the framework is agnostic to the data type.

2 Running the TCEVD Algorithm described in Theory to calculate the eigenvectors
and eigenvalues of the matrix evolving in time. Thus, expressing each time point as its
EVD/spatio-temporal pattern.
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Fig 1. Presentation of the DySCo framework. A: What is dynamic Functional Connectivity: i) We can start from any
set of brain recordings, where each signal is referred to a brain location (e.g. fMRI, EEG, intracranial recordings in
rodents, and more). ii) “Static” Functional Connectivity (FC) is a matrix where each entry is a time aggregated func-
tional measure of interaction between two regions, for example, the Pearson Correlation Coefficient. iii) Dynamic
Functional Connectivity (dFC) is a FC matrix (that can be calculated in different ways, see below) that changes with
time, under the assumption that patterns of brain interactions are non-stationary. B: Why dFC is important: i) In this
toy example, 3 brain signals are recorded, referred to 3 anatomical locations (x1 (£), x2 (), x3(t)). In the first half of
the recording (blue half) x; (¢) and x () are highly correlated (high FC), while in the second half x; (¢) and x3(t) are
highly correlated. Thus, the brain switches between two different spatio-temporal patterns of interaction (pattern 1,
blue, and pattern 2, green). ii) Pattern 1 can be seen as a matrix, as a graph, and as a set of main axes of variation in a
3D space (blue), and the same for pattern 2 (green). In this toy example, the switch from a high 1-2 correlation to a
high 1-3 correlation can be seen as a change in the connectivity matrix or a rotation of the main axes of variation of
the signals in the 3D space. However, by using a “static” approach, this switch would not be captured, and a spurious
spatio-temporal pattern (the black one), associated with a spurious set of axes of variation, would appear, which does
not reflect any actual brain configuration. This is why dFC is a tool to investigate brain dynamics, by looking at how
spatio-temporal patterns of interaction (the shape of the cloud of points) change in time. C: The Dynamic Symmetric
Connectivity (DySCo) Matrix analysis framework for dFC: i) DySCo is a comprehensive framework that
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puts together different dFC approaches. Interestingly, these include the 3 most employed methods for dFC, i.e., sliding
window correlation/covariance, co-fluctuation, approaches based on instantaneous phase. They all involve symmetric
matrices. ii) DySCo proposes a unified mathematical formalism and a set of measures and algorithms to compute and
analyse dFC matrices. In a nutshell, this entails: 1. The selection of a dFC matrix 2. A unique algorithm (the Temporal
Covariance EVD) to compute and store the dFC matrices with their eigenvectors and eigenvalues, which is orders

of magnitude faster and more memory efficient than naive approaches 3. A common set of measures to quantify the
evolution of dFC in time. These measures allow to perform the analyses that are typically performed in dFC studies.
They can be classified in three categories: measures based on the total amount of dynamic interactions (matrix norm);
measures based on distance/similarity of dFC patterns (e.g. to perform clustering); measures based on the entropy of the
dFC patterns.

https://doi.org/10.1371/journal.pcbi.1012795.9001

3 Since the EVD contains all the information about the matrix, it is possible to use that to
compute the DySCo measures, which can be used to characterise the evolution of the spatio-
temporal dFC patterns.

DySCo analyses are ultra-fast and memory efficient compared to previous
dFC analyses

Instead of computing the N X N dimensional C(¢) for each time point, DySCo computes the
EVD of C(t), without the need of C(¢), starting directly from the N dimensional data. This is
done by applying the Temporal Covariance EVD algorithm (The Temporal Covariance EVD
algorithm for the computation of dFC matrices and their eigenvectors). Then, the DySCo
measures defined in the Theory (see The DySCo theory) can be computed directly from the
EVD.

The TCEVD algorithm offers an extremely significant speed-up compared to computing
the matrix and running a “naive” EVD algorithm on it (see Investigation of computational
efficiency of the TCEVD in the DySCo framework).

As shown in Fig 3 i), the TCEVD outperforms naive numerical methods. It is 100 times
faster for matrices with dimensions of 10001000, and 1000 times faster for matrices larger
than 10,000x10,000. As shown in Fig 3 ii), the matrix decomposition in the T eigenvectors
also allows to save each matrix with NT elements instead of N(N - 1)/2, offering a significant
advantage in terms of RAM requirements, without loss of information.

The practical implication of this speed-up is that, since the DySCo measures on C(¢) can
be computed from its EVD without loss of information (see DySCo measures), our proposed
“EVD first” approach offers a speed-up also on the DySCo measures and thus on the dFC
analysis.

To offer an example, we compare our approach with the previous approaches to com-
pute the similarity between two FC matrices. What is typically performed both in dFC and
in “static” FC is to compute the Euclidean Distance (or Pearson’s R) between the vectorized
matrices. This is done to perform clustering of dFC states [2,4,42], to compute the evolution
of states in time [13,43] or to do fingerprinting of functional connectivity matrices [44,45].
In the Theory we show that this quantity can be obtained by the Distance 2 (see Distances
between dFC operators). In Fig 3 iii) we compare this approach (compute the matrices, vec-
torize them, compute the distance) with the DySCo approach (compute the EVD, use the
DySCo Distance 2). Fig 3 ii) and iii) confirm that the DySCo approach is up to 100X faster
and more memory efficient than computing the vectorized matrices.
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Fig 2. Summary of the DySCo Pipeline. This schema illustrates the main steps involved in the DySCo framework

as well as important methodological decisions that must be made when using the framework. After input of raw

data and appropriate pre-processing there are multiple dFC matrices as described in Theory (The DySCo theory).
Based upon the choice of dFC matrix, which we define as C(¢), subsequent processing steps are employed (such as
window size adjustment or extraction of phase) to express these dFC matrices into a single equation (Eq 1). We next
calculate the eigenvalues and eigenvectors associated with the dFC matrices using the Temporal Covariance EVD.
The eigenvalue-eigenvector representation contains all the information needed to perform the dFC analyses, and to
compute the DySCo measures described in Theory. The three main measures are Norms, Distances, and Entropy (see
DySCo measures). From them we can obtain derived measures: from the norm it is possible to compute metastability
(see Norm metastability), from the distance it is possible to compute the FCD matrix and the reconfiguration speed
(see Distances between dFC operators).

https://doi.org/10.1371/journal.pchi.1012795.9002

Application to a simulated dataset

We first ran DySCo on a simulated timeseries: N = 10 random signals with a time-varying
underlying covariance matrix (see Fig 4, see Application to simulated data). We computed

the time-varying EVD of the matrices and then the Reconfiguration Speed, which is the dis-
tance between a matrix C(¢) and a matrix at a previous time point C(¢- 7) and thus quantifies
the speed of the evolution of the time-varying matrices in time (see Distances between dFC

operators):

s(t) = dist(C(t),C(t-1)) (2)
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Fig 3. Computational efficiency of the DySCo framework. i) Comparison of computational speed of the TCEVD
algorithm compared to naive numerical methods (the MATLAB eigs function, see Investigation of computational
efficiency of the TCEVD in the DySCo framework), using randomly generated covariance matrices in a window of
size 10. We repeated the experiment 20 times. Thick lines represent the mean computation time, thin lines the +
variance. ii) Comparison of the memory requirements (in bytes) for the storage of the matrices using their upper
triangular form (N(N - 1)/2), versus using the eigenvector decomposition (NT). iii) Comparison of the time required
to compute the Euclidean distance between two vectorized matrices versus using the DySCo EVD approach.

https://doi.org/10.1371/journal.pcbi.1012795.9003
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Fig 4. Application of the DySCo measures to a simulated dataset. i) N = 10 simulated signals and the five under-
lying covariance patterns, corresponding to brain states. ii) The sliding window covariance matrix computed using
the DySCo formula. iii) Reconfiguration speed with a lag of 100 frames shows peak corresponding to the switches
between brain states (the three colors are the three options to compute distance as defined in the theory, see Dis-
tances between dFC operators). iv) Functional Connectivity Dynamics matrices. FCDj; is the distance between the
matrix at time ¢; and the matrix at time ¢; using the three possible distances proposed in the DySCo framework.

https://doi.org/10.1371/journal.pcbi.1012795.9004

The reconfiguration speed shows peaks coinciding with the switches from one matrix to
the other. We also computed the Functional Connectivity Dynamics (FCD) matrix, which
is the matrix of all the possible distances between C(t) at different time points (Distances
between dFC operators), measuring the pointwise similarities between spatial connectivity

patterns across time:
FCD,] = diSt(C(ti),C(tj)) (3)

The Functional Connectivity Dynamics confirms that the timeseries is temporally clus-
tered in the 5 planted patterns. Altogether, these results show that the dFC matrices computed
with the Temporal Covariance EVD formulas match the ground truth connectivity patterns
and that DySCo’s dynamic measures can quantify their changes in time.

Application of voxel-level dFC to the HCP dataset

We used the DySCo framework to perform a dFC analysis of fMRI data. To showcase its com-
putational efficacy we applied it to voxel-level, non parcellated signals. We used a sample of
pre-processed task-based (working memory N-Back) fMRI data from the Human Connec-
tome Project (HCP)(S1200) [46].

Exploration of different dynamic matrices. Since the DySCo framework contains mul-
tiple types of dynamic connectivity matrices (sliding window correlation, covariance, co-
fluctuation, phase alignment based measures and more), we first show how they behave on
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two example signals. For a theoretical explanation of the different matrices and their role, see
the Theory (The DySCo theory).

Looking at Fig 5A, the sliding window correlation matrix and the covariance matrix con-
vey two different pieces of information, the latter being more sensitive to amplitude changes.
As expected, a larger window size (in lighter shades) implies a suppression of high amplitude
time-localised correlation/covariance peaks, therefore, losing time sensitivity. As described
in the Theory (see Mathematical structure of the DySCo dFC matrices), the instantaneous

Phase Alignment (iPA) value is similar to a correlation of signals approximated by sinu-

soids at a specific bandwidth of observation. Indeed, in Fig 5B i), we see a peak at a specific
timescale where the iPA is most similar to the sliding window correlation. We also find that
this peak depends on the bandwidth of the signal: a lower bandwidth shifts the peak to the
right. Indeed, the more low-frequency the phase alignment, the larger the window needed to
capture this with a correlation matrix. Moreover, as quantified in Fig 5B ii), the co-fluctuation
is similar to a covariance matrix with window size approaching 1.

This procedure was also used as a tool to investigate and choose the matrix for the HCP
application. We chose the sliding window correlation matrix based on the following consid-
erations:

1) For the purpose of this work, coordinated variation was more relevant than intensity, so
we excluded covariance and co-fluctuation.

2) As explained in the Theory, and confirmed by this section, matrices based on instanta-
neous phases assume a specific, narrow, bandwidth of observation of the signals (timescale),
and, moreover, assume that brain areas are modelled as sinusoids. We did not have justifi-
cations for these two hypotheses in our signals, which is why we chose the sliding window
correlation matrix.

DySCo analysis of the HCP dataset

We computed a voxelwise sliding window correlation matrix with a window size of 21 frames.
Matrices were denoised by retaining their 10 first eigenvectors.

As in Fig 6, the reconfiguration speed for all subjects shows the same distinctive peaks as
was observed in the simulated data with changes in task, with the largest peaks shown at the
onset of task switching (rest/task) indicating shifts in connectivity patterns between task and
rest.

The average Von Neumann entropy shows a positive correlation with the task timecourse
(r=0.76 , p < 0.001). In addition, the averaged FCD matrix across all subjects shows a block
structure corresponding to the task timecourse. In Fig 6B, we visualise the extremely high-
dimensional sliding window correlation matrix (almost 1 billion entries, impossible to show
as a matrix) by means of its 3 leading eigenvectors (plotted on the FSLR projection (32K
MSM)). We show how the matrix changes at different moments of the recording.

In Fig 7 we also show the same measures applied to a single, example, subject using the
same parameters and matrix choices. The reconfiguration speed here also shows peaks at the
onset of switching from rest to task, but also distinctive peaks during the 2-back task. The
Von Neumann entropy measure for a single subject also shows a positive correlation with the
accompanying task timecourse (r = 0.89, p < 0.001). The FCD matrix also presents a distinc-
tive block structure corresponding to task time-course.

We chose the correlation of Von Neumann Entropy with task timecourse as a measure
to test the sensitivity of our proposed approach to the change of window size. S1 Fig shows
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window covariance as a function of the window size.

https://doi.org/10.1371/journal.pcbi.1012795.9g005
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Fig 6. Application of DySCo to HCP dataset (all subjects). A: i) The task structure (gray line), and the HRF con-
volved task timecourse, in orange (see HCP task fMRI data). ii) Shows the mean reconfiguration speed (green)
standard error (shaded) calculated from the obtained eigenvalues across 100 subjects with a window size of 21. The
dashed line again shows the task timecourse of the HCP n-back task (r = -0.46, p < 0.001). iii) Shows the mean von
Neumann Entropy (blue) standard error (shaded) calculated from the obtained eigenvalues across 100 subjects. The
dashed line shows the Task timecourse of the HCP n-back task (r = 0.76 , p < 0.001). iv) Shows the FCD matrix aver-
aged across all subjects. The entry ij of the FCD matrix (see Distances between dFC operators) represents the distance
2 between the dFC matrix at time ¢; and the dFC matrix at time ¢;. B: To give an example of evolution in time of the
sliding window correlation matrices, we show them by using their first 3 eigenvectors (averaged across all subjects).
We display the first half of the recording to maximise space for brain rendering.

https://doi.org/10.1371/journal.pcbi.1012795.9006
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https://doi.org/10.1371/journal.pchi.1012795.9007
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the timecourse of the Von Neumann entropy using multiple window sizes ranging from 10-
24 frames. This shows that our results are robust to a change in window size. The correla-
tion between entropy (at specific window size) and task timecourse is also shown and varies
between a min of 0.69 (window size = 10) and a max of 0.87 (window size = 19).

Discussion

We bring the most commonly used dynamic functional connectivity (dFC) methodologies
inition of a set of metrics, associated with the eigenvectors and eigenvalues of the dynamic
matrices, that have a common underpinning and interpretation. At the core of the frame-
work lies the Temporal Covariance EigenVector Decomposition (TCEVD) algorithm which
allows an extremely fast eigendecomposition of ultra-low-rank matrices. This is made pos-
sible by using only the eigenvectors corresponding to non-trivial eigenvalues, thus retaining
all the dFC information and allowing the computation of all the dFC measures without the
need to explicitly reconstruct the matrices themselves [15]. This opens the way to both the
analysis of extremely high-dimensional data and real-time applications, which up to now have
been considered prohibitive. For example, explicitly computing the sliding window correla-
tion matrix for a matrix containing 900M elements - as with the HCP data - would be too
computationally intensive for most PCs.

The DySCo view on brain dynamics

We believe that the extremely fast computing capacity offered by the TCEVD taken together
with the DySCo measures (DySCo measures) and the considerations made in the Theory
section (The DySCo interpretation of dFC) pave the way for using dFC as a different tool to
examine brain dynamics.

A reasonable starting point to study the dynamics of a system in a data driven way is to
identify its statistical regularities [26]. However, as argued in [47], the simplest explanation
is not necessarily the best. For example, PCA provides a single covariance pattern for a whole
dataset, but as pointed out in Fig 1, these axes of variation may change through time, as the
system is not in a stationary state. PCA thus fails to capture dimensions and variations that
have a physiological meaning. DySCo provides the capacity to investigate how these axes

evolve: instead of defining a unique, static set of dimensions, we can study how the axes them-
selves change with time. This introduces a different point of view on dynamic signals, which
does not look at their trajectories in a single space, but rather looks at how the space itself
changes in time: we directly characterise the spatio-temporal patterns of interaction, similarly
to the approaches in [17,48].

We have shown that this view is complementary to the study of how region-wise connec-
tions change. The study of dFC requires few assumptions on the signals, and the measures we
introduced go at the core general properties of statistical patterns of interaction: their spectral
features.

Thus, we believe that DySCo is a timely translational tool that provides high-speed com-
puting capacity that can treat the increasing dimensionality of data generated by new modali-
ties such as from widefield calcium imaging and kilo-scale electrophysiology [40,41]. This will
enable a uniform treatment of dFC across species and fields, since the core interaction prop-
erties of the signals and their evolution in time do not depend on the specific features of the
signals, and thus may be preserved across taxonomies (see [25,49]).

We have also shown that the DySCo view is complementary but not antithetic to the “clas-
sic” dFC view [2,27]. Indeed, the measures proposed in the DySCo framework allow for all
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the typical analyses in dFC, i.e., quantification of time-varying total connectivity (e.g. [50]),
quantification of the temporal structure of the evolution of dFC matrices [13], metastabil-

ity [37], clustering [4,17] (see DySCo measures). This can be done in a unified and compu-
tationally optimized manner. We note also that the DySCo framework and measures can be
extended also to other dFC matrices in the future, as long as they are symmetric (we have pro-
vided a general result, see Mathematical structure of the DySCo dFC matrices) - such that the
spectral theorem holds and the DySCo measures can be computed.

Discussion of the DySCo matrices, the DySCo measures and their related
parameters

We now briefly discuss the similarities and differences of the various dFC methods consid-
ered, and the main parameter choices to make in the DySCo analysis. An advantage of the
DySCo framework is that it depends on very few design choices. The most important are the
matrix type and the window size (if required). The other choices to be made are related to
the norms and distances used, which might be used either for sensitivity analyses, or depen-
dent on experimental settings, task or imaging modality. Another aspect of the pipeline that
can be tuned is the number of eigenvectors used to approximate the dFC matrix. The frame-
work as presented here makes a lossless representation of the information possible, but one
can choose to focus on a subset of non-trivial eigenvectors. This can be used as a denoising
method, if one considers that the information contained in the leading eigenvectors captures
the essential signal information [17].

In our application, we chose our parameters based upon exploration of the parameter
space, and consistency with the plethora of existing literature on parameter optimisation in
these data types [51]. However, it should be clear that the parameters chosen in this analysis
pipeline are specific to the data used and are not directly transferrable to other fMRI datasets
or imaging modalities, such as EEG/MEG/wide-field calcium, and may be dependent on the
experimental design.

As expected, our results confirm that changing the window size for the sliding window cor-
relation and covariance approaches changes the temporal scale of observation [2]. Indeed,
with small window sizes it is possible to see high amplitude peaks, which get suppressed at
larger window sizes. Our results further suggest that the covariance matrix captures the co-
fluctuation matrix in the limit of the window size approaching 1, which makes it very sen-
sitive to the co-fluctuation peaks [30]. The physiological relevance of these peaks and their
interpretation depends on the experimental setting, e.g. TR, and is left to experimenter.

As for the relationship between the instantaneous Phase Alignment (iPA) approach and
the sliding window correlation, we found that the instantaneous Phase Alignment is sensitive
to a specific (narrow) time-scale, which is specified by the bandwidth of observation, con-
firming the observations made in [15,17,34,37]. Indeed, shifting the frequency of observation
shifts the window size at which the maximal similarity with the sliding window correlation
was observed. Therefore, when using the iPA matrix, the experimenter should be mindful of
the bandwidth they are selecting and the implications this has on the signal that is used.

Evidence from the HCP data

We have shown that the metrics introduced are sensitive to the changes in the functional con-
nectivity patterns associated with the task, confirming that dFC fluctuations are genuine and
not spurious, which is a debated topic in the field [29].

The reconfiguration speed quantifies the speed of the evolution of the brain states
(expressed by C(t)) in time [13]. A spike in reconfiguration speed (Figs 6 and 7) reveals a
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rapid modulation in functional connectivity patterns associated with switching between task
and rest. The observed smaller spikes describe changes in functional connectivity patterns
between different task types. These results hold true also at the individual subject level. While
it is not suitable to draw inferences as to the meaning of each of these peaks in relation to tan-
gible connectivity patterns, it is clear that this measure is capable of effectively capturing both
changes during an activity and between activities. The FCD matrix is also able to summarise
across the similarities and differences in connectivity patterns associated with tasks across the
whole recording. We observe a distinctive tiled structure that reflects the block task design.
During task, all the dFC matrices are more similar distancewise, while rest is associated with
periods where the dFC reconfigures itself.

As described in the Theory section, the Von Neumann entropy can be seen as a measure
of how broadly the brain explores different axes of variation and is thus related to the dimen-
sionality of the data, as discussed in Von Neumann entropy of the dFC pattern and its inter-
pretation. (see also [38]). The obtained measures of entropy demonstrate that the eigenvalue

spectrum is informative about the dFC matrix structure and that it changes during task. The
observed increase in entropy during task represents a dispersion of the eigenvalue spectrum,
which indicates increased dimensionality. This may be explained by the fact that during rest
the brain is characterised by a dominance of the default mode network (DMN) [52], which
causes the eigenvalue spectrum to be more peaked.

The DySCo theory

This section starts from known linear algebra facts to build a theory for dynamic FC matrices.
From now on, we will refer to any matrix representing dynamic Functional Connectivity (dFC
matrix) as C(#).

DySCo proposes a single unified framework to compute C(¢) matrices, their eigenvec-
tors, and metrics of interest: the norm of the matrix C(#) (see Norms), which is related to the
amount of instantaneous interactions, the distance between C(#) matrices (Distances between
dEC operators), to perform clustering or to analyse how spatio-temporal patterns change in
time, and the C(t) entropy, which is related to how multidimensionally the signals explore
their space (Von Neumann entropy of the dFC pattern and its interpretation.). The DySCo
framework is based on the Temporal Covariance EVD (TCEVD), which is orders of magni-
tude faster for dFC applications compared to brute force algorithms. DySCo unifies the treat-
ment of different dFC matrices: co-fluctuation, phase locking, phase alignment, correlation,
covariance matrices and more [15]. We developed the code to compute all DySCo quantities,
available as packages in both MATLAB and Python at https://github.com/Mimbero/DySCo.

Mathematical structure of the DySCo dFC matrices

We will show that all dFC matrices have the same structure and can therefore be treated
within the same mathematical framework. Given a multivariate time series of dimension N,
all of the above matrices can be expressed as a dyadic sum, i.e.:

T2
C(t) = Z wix(i)x(i)" (4)

i=t-T/2

where the vectors x(i) are a representation of the signals at a time i, see S1 Appendix for the
full derivation. Given this structure, the C(¢) matrices are:

» symmetric
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« positive-semidefinite

o low-rank: the rank is not larger than T

o of fixed trace, which is equal to the number of signals N. This property holds only for a
subset of C(#) matrices: the sliding window correlation matrix, the “tapered” window
correlation matrix, the “instantaneous Phase Alignment” matrix, the Phase Locking
matrix; see below.

We now explicitly write the dFC matrices C(¢) in the format of Eq 1. Please see Table 1 for
a summary of their properties.

« Sliding window Correlation Matrix (Pearson/Spearman/Partial): In this approach,
correlations are computed in a window of size T

1 i=t+T/2

C()=—— 2, waz(i)z(i)’ (5)

r-1 i=t-T/2

Where z(i) are the z-scored signals in the window [¢ — T/2,¢ + T/2]. This is the most
commonly employed matrix C(#) [25,53], together with the sliding window covari-
ance matrix [4,54]. Windows can be “square” if w; = 1 V i or “tapered”/“weighted” if the
weights w form a window with smooth edges [2]. Eq 1 applies also to Partial Correla-
tions and Spearman Correlations, as long as the signals are previously transformed (see
S1 Appendix S1.1.1 for details).

« Sliding window Covariance Matrix: Similarly to the correlation case, the covariances
are computed in a window of size T with weights w;, y(i) are the demeaned signals in
the window.

| IR
. T
C(t)=—— 25 wiy()y(i) (6)
T =172
+ Co-fluctuation Matrix: The co-fluctuation matrix can be conceived as a sliding window
covariance matrix with window-size T'= 1:

C(1) =400’ )

where {is the z-scored signal in the whole recording. It holds the property that the static
correlation matrix is the average of all the instantaneous co-fluctuation matrices [30].

« instantaneous Phase Alignment Matrix: The instantaneous Phase Alignment Matrix
(iPA)[15,17,55] quantifies the extent to which signals are instantaneously in phase/anti-
phase. The Phase Alignment Matrix assumes that every brain area can be modelled
as an oscillator with an instantaneous phase 6(t). This is valid for narrowband sig-
nals, like EEG or fMRI filtered in a specific band. The extraction of the instantaneous
phase requires the use of the Hilbert transform [15,34] or wavelet transform [56]. The
“instantaneous Phase Alignment” measures the cosine of the phase difference of the
signals. The vectors c(¢) and s(t) are respectively the element-wise cosine and sine of
the instantaneous angles [15,18]. It is worth noting that the matrix iPA(¢) is analo-
gous to the correlation matrix under the local approximation of signals with sinusoids,
see S1 Appendix. Therefore, the matrix iPA(t) has the same role as the sliding window
correlation matrix. However, the sliding window computes correlations in a window,
while the matrix iPA(t) assumes that the signals are locally approximated by simple
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oscillations.
C(t) =c(t)e(t)" +s(t)s(t)" (8)

« Sliding Window Phase Locking Matrix: the Phase Locking Matrix (PL) quantifies
if there is a constant phase delay of the signals in the window [57]. It is the complex
counterpart of the iPA matrix. It also requires to extract the instantaneous phases of

signals:
1 T=t+T/2
C(t) = 2, exp(i8(r))exp(i6())" ©)
T=1-T)2
£01(70)
£62(7)
where exp(i0(7)) = . is the vector of the element-wise complex exponentials of
£ON(D)

the phases of the signals and H denotes its hermitian conjugate.

o Wavelet Coherence Spectrum: the Complex Wavelet Coherence Matrix (CWC) quanti-
fies the coherence between signals based on their wavelet transforms [58,59]. It requires
computing the wavelet transform of the signals and their complex coefficients:

C(1) = WL W(1)" (10)
wii (1)
(e (DI
wra (1)
where W(t) = HWﬁZ. (OI'| is the complex vector of normalised wavelet coefficients of the
WﬁA;(t)
[Iwen (O]

signals at time ¢ and frequency f. Similarly to the Phase Locking matrix, these values can
be also averaged in a window [58,59].

« General form of DySCo valid matrices: we show in the Appendix (see S1 Appendix)
that Eq 1 can be extended to any matrix of the type

Cij(f): Z f(x,-(f),xj(‘c)) (11)

TeQ(t)

where the function fis of the form:
fxi(0),%(1)) = 9(xi()) + 9 (x(7)) + P (xi(7) = x5(7)) + D 7e(i(7) ) i (7)) (12)
k

where ¢ and 77y are generic functions, while 9 is an even function that is periodic or has
a finite support.

This includes all the matrices above, and more, like the matrix of squared Euclidean
Distances, where ¢(x) = x%, 9 = 0, and 7(x) = \/2i x. This also includes any periodic
function of the phase difference A8 between two signals.

The DySCo interpretation of dFC

Dynamic Functional Connectivity is usually conceived as study of the changes in the con-
nection strength between nodes in a brain functional network (irrespective of the presence
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or absence of an anatomical circuitry) [2,60]. Practically speaking, this involves computing
the dynamic matrix C(¢) and performing operations and measures on C(¢), for example,
clustering.

This is instead the DySCo interpretation of dFC: Eq 1 shows that C(t) is a statistical rep-
resentation of spatial patterns at a time ¢ estimated over a time window of size T (in case of
iPA and co-fluctuation, T = 1). The evolution of C(t) therefore represents the evolution of the
spatio-temporal patterns: i.e., a low-dimensional geometry “navigating” a high-dimensional
space. The size of the window determines the trade-off between the accuracy of the estima-
tion of the statistical pattern and the resolution in time. In general, the choice of the window
depends on the properties of the signals and cannot be determined a-priori.

This interpretation has the following implications:

o C(t) is a way to study the dynamics of a complex, multidimensional system in a data-
driven way. Most complex systems move in a landscape of different spatio-temporal
interaction patterns [61]. As the system explores different states (low-dimensional
object in a high-dimensional space), C(t) expresses how this low-dimensional embed-
ding changes with time (see Fig 1 for a toy example).

o Asall C(t) are symmetric matrices, the most natural way to quantify this low-
dimensional embedding is their eigendecomposition. And, since they are low-rank
matrices, a small number, Rk(C(#)) < T < N, of eigenvectors suffices to express all the
information contained in the matrix:

RK(C(£))

C(1) = Z Li(Ow(Hu(H)" (13)

« Using the “connectivity matrix” view, one could argue that for a too small window, C(t)
is able to capture neither true correlations/covariances/phase locking patterns, nor the
underlying network structure. Instead, the “eigenvector” view posits that the eigenvec-
tors, regardless of the size of the window, are the principal axes of variation in the data.
Even in a 1 time frame window, the main axis of variation of the signal is the signal
itself. In addition, the eigenvector representation of C(t) allows a straightforward strat-
egy to denoise the signal, by retaining a subset of eigenvectors associated to the largest
eigenvalues, which are proportional to the amount of variance expressed.

« A third possible view, that we cite here for completeness, is that C(t) can be seen as an
average of pairwise products, as suggested by [25], thus we can interpret C(¢) as the
second-order Taylor expansion of any function of brain data. Indeed, we can formally
write any brain output, for example behaviour, as b(¢) = f(x(t)), where x(t) is brain
activity and f a function mapping activity to behaviour. Using a second-order Taylor
expansion in x(f), we can write f(x(t)) ® f(x(ty)) + 2, a% lizty (xi(t) - xi(t0)) +
I 2 62672!,’; li=ty (xi(£)-xi(t0)) (x;(t)-x;(to))+€. Overall, this suggests that C(t) can be
seen as the quadratic term of a second-order approximation of brain function (see [25]
for the full development).

On the importance of the Leading Eigenvector

The Leading Eigenvector is associated to the largest eigenvalue of C(t) and is widely employed
in both phase-locking studies [12,17,18] and correlation studies (in this case also known as
Eigenvector Centrality -[62]). Its importance can be summarised as representing the best
single-vector approximation of a dFC matrix:
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« It is the main axis of variation of the signals in the window/bandwidth of observation
(dominant mode of dynamic connectivity). Each of its entries refers to an anatomical
location, so the leading eigenvector is useful for visualising the dominant mode in the
anatomical space [63].

« The outer product of the leading eigenvector with itself approximates C(¢). Indeed, if
C(t) = D) 4 ()wi(£)ui(1)T, then C(£) ~ Ay (£)uy (£)wy (£) . This is also used to
measure “eigenvector centrality”, because it is a measure of how “central” an area is (i.e.
how much it engages interactions with the others). In the anatomical space, an intu-
itive way to read the leading eigenvector is the following: areas with the same sign have
a positive interaction (i.e. positive correlation, covariance, etc), while areas with oppo-
site signs have a negative interaction. The amplitude of the leading eigenvector indicates
the centrality of the area.

« Following the same logic, the leading eigenvector of the iPA matrix can be seen as the
main mode of oscillation, since the iPA matrix expresses co-oscillations rather than
correlations. Multiple studies have shown that the brain explores a set of oscillatory
modes, which can be computed by performing temporal clustering (e.g. k-means) of the
leading eigenvectors of the iPA matrix. This is known as the LEiDA method (Leading
Eigenvector Dynamics Analysis) [17,37].

The Temporal Covariance EVD algorithm for the computation of dFC
matrices and their eigenvectors

In this subsection, we present the methodological core of the DySCo framework, which allows
for ultra-fast eigendecomposition of very high-dimensional matrices.

Let us consider a generic matrix C(t) that is expressed as a dyadic sum C(¢) = ZITZI x(i)x(i) .
Being a matrix, C(¢) is a linear operator from RY to RY, where N is the number of signals.
The fact that a dFC matrix is a sum means that all its outputs lie in the space spanned by the
T vectors x(i). This implies that its rank Rk is not higher than T, so Rk < T. Indeed, the rank
of a linear operator is the dimensionality of the space where it maps its inputs. Moreover, this
implies that the eigenvectors of a dFC matrix must be a linear combination of the T vectors,
and the eigenvectors associated with non-null eigenvalues will be no more than the rank, so
no more than T. This means that any dFC matrix is an extremely low-rank operator, provided
T < N (which is the case in practical applications). Thus, Rk < T« N, and the full infor-
mation of the dFC pattern can be stored without approximation, or losslessly, in at most T
eigenvectors.

Moreover, the Rk eigenvectors and their associated eigenvalues can be computed using the
Temporal Covariance EigenVector Decomposition algorithm (TCEVD) (see S1 Appendix):

o for a generic dFC matrix at a generic time point ¢, which is expressed as C(t) =
ZiTzl x(i)x(i) T, we define the Temporal Covariance matrix R(t);; = x(i) "x(j). This
matrix of scalar products has the size Tx T

o The eigenvalues of the matrix C(¢) are the eigenvalues of the Temporal Covariance
matrix R(?).

o Each eigenvector v of the Temporal Covariance matrix is a T-tuple of coefficients. The
eigenvectors of the matrix C(¢) are a linear combination of the x vectors, where the
coefficients are v;.

Note that the matrix iPA(t), (see Eq 8), is rank 2 and therefore its associated Temporal
Covariance matrix is a 2 X 2 matrix, and its eigenvalues and eigenvectors can be computed
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analytically. For the analytical calculations and an extended discussion on the iPA matrix
structure, see [15]. Note also that the sliding window correlation (see Eq 5) and covariance
(Eq 6) matrices are rank T-1 and not T, given that before application of the Eq 1 signals are
demeaned and therefore lose a degree of freedom. Finally, note that the co-fluctuation matrix
(Eq 7) is rank 1, since it is just {(£)&(¢) T, so its eigenvector is trivially {(¢), and its associated
non-null eigenvalue || {(t) ||3.

This algorithm implies that the full information of a dFC matrix can be extracted without
the need to compute the matrix itself. Its eigendecomposition (EVD) operatesonthe T X T
Temporal Covariance matrix, with associated time complexity of O(NT?+T%) and space com-
plexity of O(T?) instead ofa N X N one, that has associated time complexity of O(N?) and
space complexity of O(N?) [64,65]. This can make algorithms for computation and storage
orders of magnitude more efficient (see Fig 3, in DySCo analyses are ultra-fast and memory
efficient compared to previous dFC analyses). We refer the reader to the S1 Appendix for an
extended proof that considers the general weighted sum C(t) = Zszl wix(i)x(i)7.

Finally, note that the TCEVD is efficient when T < N, which is typically the case in dFC.

In case T'> N, the DySCo framework still applies, however, we suggest using a classic EVD

because the TCEVD would not improve the computational speed given that matrices would
be full rank.

We also observe that this approach is similar to the Dynamic Mode Decomposition intro-
duced in Fluid Mechanics [48].

On the meaning of the Temporal Covariance matrix. The Temporal Covariance
matrix also has a physical meaning;: it is the matrix of scalar products, and thus of match-
ing/similarity, of the spatial signals at different time points. The Temporal Covariance matrix
is therefore in the time domain, and quantifies whether a couple of time points are character-
ized by a similar whole-brain configuration. Its eigenvectors v, the temporal modes, are time
vectors (i = 1...T) and are associated to the changes in time instead of the changes in space
of the signals. For example, the dominant temporal mode would be a dominant pattern of
temporal similarity in the signals.

DySCo measures

Here, we introduce a set of measures that are aimed at characterising the spatio-temporal
patterns captured by the dFC approach and brain activity in general.

Norms. The norm of a matrix C(¢) is a synthetic measure of the overall amount of inter-
actions expressed within [50]. Here we propose three of the most employed matrix norms in
linear algebra. The TCEVD of the dFC matrices suggested in the DySCo framework allows to
compute these norms without computing the matrices directly and storing them.

o The Schatten norm-1 (Trace norm) of a matrix, || C(¢) ||;, is the sum of the absolute
values of its eigenvalues: ), |4;(1)|

o 'The Schatten norm-2 (Frobenius norm) of a matrix, || C(¢) ||,, is the square root of the
sum of the squared eigenvalues: /), 4;(f)? which coincides with the square root of the
sum of all the squared values of the matrix /. i C(t)izj since dFC is symmetric.

o The Schatten norm-oco (Spectral norm) of a matrix, || C(#) ||, coincides with the
largest absolute value of its eigenvalues: max; {|1;(¢)|}.

Note that, in the specific cases of the correlation matrix and iPA, the matrices C(¢) have
a fixed trace (see Mathematical structure of the DySCo dFC matrices). Consequently, their
norm-1 becomes trivial and simply corresponds to their size N. Moreover, the co-fluctuation
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Table 1. Description of the dFC matrices presented above and their main properties.

Meaning

Meaning of
eigenvectors

Rank (=n

of non-null
eigenvalues)
Trace (= sum of
eigenvalues)
Notes

https://doi.org/10.1371/journal.pcbhi.1012795.t1001

Sliding Window
Covariance

Sliding Window
Correlation

Co-Fluctuation

Covariance in a window of |Correlation in a window of| Pairwise product of signal

T frames

Main axes of variation of
the signals. It is equal to a
sliding window PCA.

T-1

variable

Windows can be
smoothed/tapered

T frames

Main axes of variation
of the normalised sig-
nals (correlation is a
normalised covariance)
T-1

= N of signals

Windows can be
smoothed/tapered.
Works also with Spear-
man correlation or partial
correlation

amplitudes at time t

They are the signals
themselves at time t

= first and unique
non-null eigenvalue

The eigenvalue is equal

to the Euclidean norm

of the array collecting all
signals at time t. Having
rank 2 and fixed trace, the
first eigenvalue contains
all information about the
spectrum

In this case the TCEVD
algorithm is trivial since
the eigenvectors are arrays
themselves

instantaneous Phase
Alignment

If signals are modeled

as oscillations, measures
to what extent they are
instantaneously in phase
or antiphase

Modes of co-oscillation
at the frequency of
observation

=N of signals

Having rank 2 and fixed
trace, the first eigenvalue
contains all information
about the spectrum

There is an analytical
formula for the EVD

Phase Locking

Complex value indicating
if signals keep a phase
difference in a window of
T frames

It is like performing a PCA
on the complex exponen-
tials of the signal phases
instead of the signals

T

=N of signals

If the window size is 1, its
real part is the instanta-
neous Phase Alignment
matrix.

If phases are computed
using the Wavelet trans-
form, with some simple
manipulations this
becomes the Wavelet
Coherence.

matrix has trivially one non-null eigenvalue (see The Temporal Covariance EVD algorithm

for the computation of dFC matrices and their eigenvectors). Therefore, all the norms coin-

cide, and in that specific case they coincide with the norm of the vector ¢ (¢).

the dFC matrix [15,55].

Norm metastability. Norm Metastability is the standard deviation in time of the norm of

meta = std(|| C(¢) ||)

(14)

Norm metastability is a measure of variability in the exploration of connectivity patterns. It
is a measure of how much the dFC matrix oscillates between time points with high norm and
time points with low norm, and thus reflects simultaneous tendencies for coupling and decou-
pling. In [15], the standard deviation of the infinite norm has been introduced as spectral
metastability [11].
Distances between dFC operators. If a matrix norm exists, the distance can be computed
as just the norm of the difference of two matrices. Therefore:

o distance 1is || C(#;) - C(%2) |1
o distance 2 is || C(t;) - C(%) |I2
o distance oo is || C(#;) - C(%2) |l

It may also be the case, in some applications, that before computing the distances, matrices
are normalised to have all unit norm.
Defining a distance between C(t) matrices is useful for several reasons:
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« Clustering dFC patterns is a very common approach in neuroimaging [4,17]. To cluster
it is necessary to define a distance between C(#) matrices.

o A distance between dFC patterns allows to compute properties of how they explore the
dFC space, like the speed at which the C(¢) pattern evolves with time. The reconfigura-
tion speed for a delay 7 is defined [13]:

s(t) = dist(C(t),C(t-1)) (15)

« A distance allows to build the Functional Connectivity Dynamics matrix (FCD). FCD
is a time-to-time distance matrix: the entry ij of FCD is the distance of C(t;) with C(t;).
This is a condensed portrait of the evolution and properties of dFC in the whole record-
ing [66].

FCD;; = dist(C(t;), C(t;)) (16)

It is still possible to apply the TCEVD (The Temporal Covariance EVD algorithm for the
computation of dFC matrices and their eigenvectors) to compute the above distances, since
they are based on the eigenvalues of the matrix C(#;) - C(t;). Thus, it is possible to exploit the
information expressed in the eigenvectors and compute the distance without reconstructing
the matrices. Note that, especially in the case of norm-2, this turns out to be orders of mag-
nitude faster than the one computed by calculating the full matrix instead of the eigenvector
representation; see S1 Appendix.

Note also that, since the correlation and instantaneous Phase Alignment matrices have
all ones on the diagonal, the distance 1 in that case becomes trivially zero - it is therefore
suggested in those cases to use the other two distances.

Note: it is common practice to represent C(t) matrices as vectorised matrices (or their
vectorised upper-triangular part) given the symmetry. One could then think that the matrix
distance is equal to the vector distance of the vectorised matrices. However, this is incorrect,
because the norm of the vectorised matrix does not coincide with the norm of the matrix, and
so does the distance. The only exception is the norm-2, where the two things coincide. How-
ever, even in that case, our proposed formulation of norm-2 is still advantageous because it
speeds up computations by orders of magnitude to up to two/three orders of magnitude in
practical scenarios.

Another commonly employed measure is the cosine similarity between two vectorized dFC
matrices [13,66], which quantifies the matching between two matrices. This is not a distance,
but a measure of similarity.

To define a measure of matching, it is necessary to define an inner product between two
matrices. We introduce the Frobenius product between two matrices C(#;) and C(#,):

{C(11),C(12)) = Tr(C(t1) " C(12)) (17)

The square root of the Frobenius product of a matrix with itself is its Frobenius norm. So,
exactly as in vectors, it is possible to define a measure of alignment:

COS(Q)I (C(tl)’c(t2)>
V(C(1), C(1))\/(C (1), C(12))

(18)

The DySCo framework also provides a fast formula to compute this quantity (see S1
Appendix).
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Finally, it may be the case that the quantity of interest is a subset of eigenvectors of the
matrices C(#;) and C(#,), without interest in the eigenvalues. In that case a measure of align-
ment of the eigenvectors is needed. This measure corresponds to the Frobenius distance
between the projector matrices of C(#;) and C(t,) (i.e. the matrices that project, respectively,
on the eigenvectors of C(#;) and C(#,)). See S1 Appendix for the full derivation.

We observe that the FCD matrix, being a distance matrix, also allows nonlinear dimen-
sionality reduction techniques such as diffusion embedding, as done in [25].

Von Neumann entropy of the dFC pattern and its interpretation. The spatio-temporal
complexity of brain signals is of great biological interest as it is believed to be related to health
and disease, as well as consciousness [67], sleep-wake transitions [68,69], psychedelics [70].
We thus include the Von Neumann entropy of C(t) [38,71]:

E(t) = - )] Ai(t)log(Ai(t)) (19)

Before applying the formula the eigenvalues are normalised such that their sum is 1.

This measures how broadly the brain is exploring the pattern of its possible configurations
(i.e. how multidimensionally signals are spanning their axes of variation - eigenvectors) being
a measure of variability of the eigenspectrum.

Indeed, the spectrum of eigenvalues associated with the eigenvectors expresses their rel-
ative importance. For example (see Fig 8), in case where an eigenvector is strongly domi-
nant, the first eigenvalue is high and the others are close to zero. On the other extreme, if all
the eigenvectors have the same role, meaning that the brain is exploring its configuration
more broadly in the multidimensional space of all its possible configurations, the associated
eigenvalues will all have similar magnitudes.

In the first limit case, the signal x(#) in the window would always stay parallel to itself (as a
vector), so all the signals are perfectly correlated, all the signals are perfectly oscillating along
the axis of variation which is x itself. There are no additional axes of variation. In contrast,
the more the spatio-temporal patterns are rich, the more there will be axes of variation, cor-
responding to more eigenvectors of C(¢) with non-null eigenvalues. For a visual explanation,
see [15], where this concept is applied to the iPA matrix.

high entropy low entropy

Vi
VS\‘Vz/

data scatter
<
<

eigenvalues (a.u)

Fig 8. Illustration of Von Neumann Entropy. Two example cases to show the Von Neumann Entropy, in an Example
3-dimensional random signal. In the first case, there is no main axis of variation, thus the eigenvalues are all simi-

lar. This corresponds to a high Von-Neumann entropy. In the second case, there is a main axis of variation, which
corresponds to a less dispersed eigenvalue spectrum. This corresponds to a low Von-Neumann entropy.

https://doi.org/10.1371/journal.pchi.1012795.9008
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Note that, in case the window is weighted, the eigenvalue spectrum will be forced to make
some vectors dominant. The entropy must be considered carefully in this case.

Materials and methods
The DySCo repository

The DySCo framework comes with a repository. We developed the code to compute all the
DySCo quantities both in MATLAB and in Python, which is available at https://github.com/
Mimbero/DySCo. Note that, both in MATLAB and in Python, we provide all the “core func-
tions” (compute TCEVD, compute norm, distance, etc) to autonomously build a process-
ing pipeline. However, we also offer an already built example Python pipeline, the one that
has been used to process the HCP data. The repository also features a Python GUI to run the
analyses.

Investigation of computational efficiency of the TCEVD in the DySCo
framework

We first illustrated the computational speed-up of the TCEVD algorithm expected from The-
ory. To do so, we fixed a window of length T = 10 and generated N Gaussian i.i.d. random sig-
nals in the window. We computed the covariance matrix of the signals in the window using
both the Temporal Covariance EVD proposed in DySCo and the standard numerical algo-
rithm provided by MATLAB (using the eigs function as in the version 2021A). We computed
the time needed to perform EVD in both cases. We varied N logarithmically, from N = 100 to
N = 10*. We then repeated this procedure 20 times for each N.

We also compared the time to compute the Euclidean distance between vectorized matri-
distance directly from the eigenvectors). To do so, we again fixed the length T = 10 and gener-
ated N Gaussian i.i.d. random signals in 2 windows. We computed the 2 covariance matrices
for the 2 windows and then computed the Euclidean distance between the vectorized matri-
ces. Then, we computed the TCEVD for the 2 covariance matrices and then computed the
DySCo distance between them. Again, we varied N logarithmically, from N = 100 to N = 10*.
We then repeated this procedure 20 times for each N.

Computation times were calculated on an Apple M2 CPU.

Application to simulated data

As a first validation of the framework, we generated a synthetic time series and imposed
an underlying time-varying connectivity pattern. More specifically, we generated a 10-
dimensional Gaussian random signal with zero mean and unit variance, consisting of 5
chunks, each 1000 time-frames long. We then generated 5 random covariance matrices, and
multiplied each chunk with the Cholesky Decomposition of one of these matrices. This proce-
dure imposed a different covariance matrix on each chunk of the signal.

Following the DySCo framework we computed the sliding window covariance matrix
using a window size of 121 frames, (we use odd numbers to make windows symmetric).
We computed the reconfiguration speed using the 1,2 and co-distances and a 7 value of
100 frames. Distances were computed on the matrices normalised by their norms. Finally,
we computed the Functional Connectivity Dynamics matrices using the distances 1,2 and
Infinity.
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Application to task fMRI

HCP task fMRI data. We used a sample of pre-processed task-based (working mem-
ory N-Back)(fMRI (tfMRI) data from the Human Connectome Project (HCP)(S1200) to
illustrate the applicability of this framework to real data. Detailed overview of the task fMRI
acquisition details can be found at ([72], www.humanconnectome.org), to summarise: whole
brain EPI acquisitions were acquired with a 32 channel head-coil in a modified 3T Siemens
Skyra. The images were acquired with a TR = 720 ms, TE = 33.1 ms, flip angle = 52°, BW =
2290 Hz/Px, in-plane FOV = 208 x 180 mm, 72 slices, 2.0 mm isotropic voxels, with a multi-
band acceleration factor of 8 [73]. During task-based acquisitions two runs were conducted
employing opposing phase encoding for each run. Minimal pre-processing is used accord-
ing to [46] but several steps including: removal of spatial distortions, realignment of vol-
umes compensating for subject motion, registration to structural data, bias field reduction,
normalisation the 4D image to a global mean, and masking of the data with the final brain
mask.

In each run n-back task data was collected, which includes 8 blocks of 10 trials per block.
Each block commences with a 2.5s cue that describes task type e.g. 2-back or target image
(0-back). Within each trial an image is presented to the participant and requires a but-
ton press per image. If the image matches the previous image (0-back, 4 blocks of the 8
block design) or was observed two images prior to the current image (2-back, 4 blocks of
the 8 block design) then the participant should press a button with their right index fin-
ger. If the image is non-matching to either of these conditions then the participant should
press a button with their right middle finger. There were a total of 4 distinct categories of
images presented (tools, body-parts, neutral faces, and places). Each image category was pre-
sented in 2 of the blocks (for both the 0 back and 2-back) across the total 16 blocks in the
two runs.

From the HCP pipeline we took each of the different task conditions as described above
and generated a single task timecourse for the HCP Working Memory task (illustrated in
DySCo analysis of the HCP dataset) by: (i) convolving each of the timecourses for each of the
eight conditions with a double gamma canonical hemodynamic response function (HRF); (ii)

subsequently, we took the mean value for each TR across all conditions resulting in a single
timecourse.

We randomly sampled 100 pre-processed tfMRI participants from the available 1,034 sub-
jects in the HCP dataset. From these we constructed functional time series data of the cortical
hemispheres using python Nibabel libraries [74]. As this is simply an illustration of the poten-
tial of this framework, we decided to only use the left-hemisphere. This led to a 32492 by 405
matrix corresponding to the total voxels and TRs respectively. We then filtered this array by
removing voxels containing either 0 or null values (as these correspond to tissue boundaries).

We expected our measures to temporally align with the task paradigm, confirming
their dynamic sensitivity. Specifically, we expected the reconfiguration speed to present
peaks corresponding to the switching between task and rest, and the FCD matrix to reflect
this task-rest structure. Moreover, we expected the eigenvalue spectrum of the dynamic
matrix to be different in task versus rest, which should be highlighted by the Von Neumann
Entropy.

Preliminary exploration of the DySCo matrices. The first step is the choice of the most
suitable dFC matrix in the DySCo framework to apply to the data. We did that by both visual
inspection and quantification of the similarity between different matrices. For the visual
inspection, we randomly selected two signals from a subject and plotted the sliding window
correlation in time, the sliding window covariance, both with a window size from 5 to 50, the
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co-fluctuation and the instantaneous Phase Alignment. See Results (Application of voxel-level
dFC to the HCP dataset).
We expected two facts from the Theory: that the instantaneous Phase Alignment value

should be similar to the sliding window correlation at a specific time-scale of observation (See
Mathematical structure of the DySCo dFC matrices) and that the co-fluctuation should be
similar to a sliding window covariance with minimal window size (See Mathematical struc-
ture of the DySCo dFC matrices).

For the equivalence between sliding window correlation and iPA at a specific time-scale,

we expect that there is a specific window size that maximises the similarity between the
instantaneous Phase Alignment and the sliding window correlation. We expect this peak to be
dependent on the bandwidth of the signals. Therefore, we selected 500 random couples of sig-
nals for each of the subjects and for each couple of signals we computed the similarity (using
Pearson Correlation) between the time trace of the instantaneous Phase Alignment and the
sliding window correlation at all the different window sizes. Note that to be computed the
instantaneous Phase Alignment requires the data to be bandpassed. We bandpassed the data
in three frequency ranges, 0.01-0.04 Hz, 0.01-0.08 Hz, 0.05-0.1 Hz. We underline that 0.01-
0.08 Hz is the gold standard frequency range adopted for fMRI data [17,34,37]. However, we
also tried a lower and higher bandwidth to check our expectation that the bandwidth plays
the same role that the window size plays in the correlation matrix.

For the equivalence between a sliding window of size 1 and co-fluctuation, we repeated the
same analysis above to compare co-fluctuation and sliding window covariance with differ-
ent window sizes. Please note that we did not conduct additional comparisons (for example
correlation with covariance) because they represent quantities that are conceptually different.

Based on our investigation (see Application of voxel-level dFC to the HCP dataset) we
decided to proceed using the sliding window correlation matrix.

Voxel level sliding window correlation analysis of HCP data. Using the results from the
preliminary analysis we next applied the DySCo framework to compute sliding window cor-

relation in the whole sample of 100 participants (window size = 21, number of eigenvectors
= 10). From the obtained eigenvectors and eigenvalues we calculated the following DySCo
measures: Reconfiguration Speed, the Functional Connectivity Dynamics (FCD) matrix,
(see Distances between dFC operators), Von Neumann Entropy. To show the sensitivity of
the Von Neumann entropy and reconfiguration speed we calculated the correlation between

these measures and the original task time-course using Pearson’s correlation coefficient. To
assess the sensitivity of these measures at the single-subject level we repeated the analysis on
a single example subject chosen from the available participants. In the results we show mea-
sures of entropy, speed, and FCD matrices for all subjects as well as at the individual subject.
For visualisation purposes we also extracted the 3 eigenvectors associated with the 3 biggest
eigenvalues of the dFC matrix.

Supporting information

S1 Fig. Sensitivity analysis robustness of the results to the change in window size. The
figure shows the mean von Neumann Entropy, with each colour of the line denoting the
specific window size for the calculation.

(TIF)

S1 Appendix. Mathematical derivations analytical derivation of all the results.
(PDF)

PLOS Computational Biology | https://doi.org/10.1371/journal.pcbi. 1012795 March 7, 2025 27/ 32



https://journals.plos.org/plosone/article/asset?unique&id=info:doi/10.1371/journal.pcbi.1012795.s001
https://journals.plos.org/plosone/article/asset?unique&id=info:doi/10.1371/journal.pcbi.1012795.s002
https://doi.org/10.1371/journal.pcbi.1012795

PLOS COMPUTATIONAL BIOLOGY DySCo

Acknowledgments

We thank Franti$ek Vasa, Fran Hancock, and Matthew Harvey for the helpful discussions dur-
ing the development of the framework. We thank Laila Rida and Bryony Goulding Mew for
their support. We thank Riccardino Castellano for the insightful discussions about the link
between dFC and quantum mechanics.

The icons in Fig 1A and the brain icons in Fig 1B are created using Biorender (https://
BioRender.com).

Author contributions

Conceptualization: Giuseppe de Alteriis, Alessandro Ciaramella, Robert Leech, Joana Cabral,
Federico E. Turkheimer, Paul Expert.

Data curation: Oliver Sherwood, Robert Leech.

Formal analysis: Giuseppe de Alteriis, Alessandro Ciaramella, Robert Leech, Federico E.
Turkheimer, Paul Expert.

Funding acquisition: Federico E. Turkheimer.

Investigation: Giuseppe de Alteriis, Oliver Sherwood, Alessandro Ciaramella, Joana Cabral,
Federico E. Turkheimer, Paul Expert.

Methodology: Giuseppe de Alteriis, Oliver Sherwood, Paul Expert.

Project administration: Federico E. Turkheimer, Paul Expert.

Resources: Paul Expert.

Software: Giuseppe de Alteriis, Oliver Sherwood, Robert Leech, Paul Expert.
Supervision: Robert Leech, Joana Cabral, Federico E. Turkheimer, Paul Expert.
Validation: Giuseppe de Alteriis, Oliver Sherwood.

Visualization: Giuseppe de Alteriis, Oliver Sherwood, Robert Leech, Joana Cabral.

Writing - original draft: Giuseppe de Alteriis, Oliver Sherwood, Alessandro Ciaramella,
Robert Leech, Joana Cabral, Federico E. Turkheimer, Paul Expert.

Writing - review & editing: Giuseppe de Alteriis, Oliver Sherwood, Alessandro Ciaramella,
Robert Leech, Joana Cabral, Federico E. Turkheimer, Paul Expert.

References

1. Turkheimer FE, Rosas FE, Dipasquale O, Martins D, Fagerholm ED, Expert P, et al. A complex
systems perspective on neuroimaging studies of behavior and its disorders. Neuroscientist.
2022;28(4):382—-99. https://doi.ora/10.1177/1073858421994784 PMID: 33593120

2. Hutchison RM, Womelsdorf T, Allen EA, Bandettini PA, Calhoun VD, Corbetta M, et al. Dynamic
functional connectivity: promise, issues, and interpretations. Neuroimage. 2013;80:360-78.
https://doi.org/10.1016/j.neuroimage.2013.05.079 PMID: 23707587

3. Lurie DJ, Kessler D, Bassett DS, Betzel RF, Breakspear M, Kheilholz S, et al. Questions and
controversies in the study of time-varying functional connectivity in resting fMRI. Netw Neurosci.
2020;4(1):30-69. hitps://doi.org/10.1162/netn_a_00116 PMID: 32043043

4. Allen EA, Damaraju E, Plis SM, Erhardt EB, Eichele T, Calhoun VD. Tracking whole-brain
connectivity dynamics in the resting state. Cereb Cortex. 2014;24(3):663-76.
https://doi.org/10.1093/cercor/bhs352 PMID: 23146964

PLOS Computational Biology | https://doi.org/10.1371/journal.pcbi. 1012795 March 7, 2025 28/ 32



https://BioRender.com
https://BioRender.com
https://doi.org/10.1177/1073858421994784
http://www.ncbi.nlm.nih.gov/pubmed/33593120
https://doi.org/10.1016/j.neuroimage.2013.05.079
http://www.ncbi.nlm.nih.gov/pubmed/23707587
https://doi.org/10.1162/netn
http://www.ncbi.nlm.nih.gov/pubmed/32043043
https://doi.org/10.1093/cercor/bhs352
http://www.ncbi.nlm.nih.gov/pubmed/23146964
https://doi.org/10.1371/journal.pcbi.1012795

PLOS COMPUTATIONAL BIOLOGY DySCo

10.

1.

12.

13.

14.

15.

16.

17.

18.

19.

20.

21.

22,

23.

Zalesky A, Fornito A, Cocchi L, Gollo LL, Breakspear M. Time-resolved resting-state brain
networks. Proc Natl Acad Sci U S A. 2014;111(28):10341-6.
https://doi.org/10.1073/pnas.1400181111 PMID: 24982140

Sakoglu U, Pearlson GD, Kiehl KA, Wang YM, Michael AM, Calhoun VD. A method for evaluating
dynamic functional network connectivity and task-modulation: application to schizophrenia.
MAGMA. 2010;23(5-6):351-66. https://doi.org/10.1007/s10334-010-0197-8 PMID: 20162320

Calhoun VD, Miller R, Pearlson G, Adali T. The chronnectome: time-varying connectivity networks
as the next frontier in fMRI data discovery. Neuron. 2014;84(2):262—74.
https://doi.org/10.1016/j.neuron.2014.10.015 PMID: 25374354

Harlalka V, Bapi RS, Vinod PK, Roy D. Atypical flexibility in dynamic functional connectivity
quantifies the severity in autism spectrum disorder. Front Hum Neurosci. 2019;13:6.
https://doi.org/10.3389/fnhum.2019.00006 PMID: 30774589

Bolton TAW, Morgenroth E, Preti MG, Van De Ville D. Tapping into multi-faceted human behavior
and psychopathology using fMRI brain dynamics. Trends Neurosci. 2020;43(9):667—-80.
https://doi.org/10.1016/.tins.2020.06.005 PMID: 32682563

Uddin LQ. Brain mechanisms supporting flexible cognition and behavior in adolescents with autism
spectrum disorder. Biol Psychiatry. 2021;89(2):172-83.
https://doi.org/10.1016/j.biopsych.2020.05.010 PMID: 32709415

Hancock F, Rosas FE, McCutcheon RA, Cabral J, Dipasquale O, Turkheimer FE. Metastability as a
candidate neuromechanistic biomarker of schizophrenia pathology. PLoS One.
2023;18(3):e0282707. hitps://doi.org/10.1371/journal.pone.0282707 PMID: 36952467

Franga LGS, Ciarrusta J, Gale-Grant O, Fenn-Moltu S, Fitzgibbon S, Chew A, et al. Neonatal brain
dynamic functional connectivity in term and preterm infants and its association with early childhood
neurodevelopment. Nat Commun. 2024;15(1):16. https://doi.org/10.1038/s41467-023-44050-z
PMID: 38331941

Battaglia D, Boudou T, Hansen ECA, Lombardo D, Chettouf S, Daffertshofer A, et al. Dynamic
Functional Connectivity between order and randomness and its evolution across the human adult
lifespan. Neuroimage. 2020;222:117156. https://doi.org/10.1016/j.neuroimage.2020.117156 PMID:
32698027

Petkoski S, Ritter P, Jirsa VK. White-matter degradation and dynamical compensation support
age-related functional alterations in human brain. Cereb Cortex. 2023;33(10):6241-56.
https://doi.org/10.1093/cercor/bhac500 PMID: 36611231

de Alteriis G, MacNicol E, Hancock F, Ciaramella A, Cash D, Expert P, et al. EiDA: a lossless
approach for dynamic functional connectivity; application to fMRI data of a model of ageing.
Imaging Neurosci (Camb). 2024;2:1-22. htips://doi.org/10.1162/imag_a_00113 PMID: 39927148

Fan X, Yang X, Jiang F, Yue L, Wang H, Boecker Y, et al. Exploring dynamic functional connectivity
alterations in the preclinical stage of Alzheimer’s disease: an exploratory study from silcode. J
Neural Eng. 2022;19(1):016036.

Cabral J, Vidaurre D, Marques P, Magalhdes R, Silva Moreira P, Miguel Soares J, et al. Cognitive
performance in healthy older adults relates to spontaneous switching between states of functional
connectivity during rest. Sci Rep. 2017;7(1):5135. https://doi.org/10.1038/s41598-017-05425-7
PMID: 28698644

Olsen AS, Lykkebo-Vallge A, Ozenne B, Madsen MK, Stenbaek DS, Armand S, et al. Psilocybin
modulation of time-varying functional connectivity is associated with plasma psilocin and subjective
effects. Neuroimage. 2022;264:119716. https://doi.org/10.1016/j.neuroimage.2022.119716 PMID:
36341951

Lord L-D, Expert P, Atasoy S, Roseman L, Rapuano K, Lambiotte R, et al. Dynamical exploration of
the repertoire of brain networks at rest is modulated by psilocybin. Neuroimage. 2019;199:127-42.
https://doi.org/10.1016/j.neuroimage.2019.05.060 PMID: 31132450

Pedersen M, Omidvarnia A, Curwood EK, Walz JM, Rayner G, Jackson GD. The dynamics of
functional connectivity in neocortical focal epilepsy. Neuroimage Clin. 2017;15:209-14.
https://doi.org/10.1016/j.nicl.2017.04.005 PMID: 28529877

Hellyer PJ, Scott G, Shanahan M, Sharp DJ, Leech R. Cognitive flexibility through metastable
neural dynamics is disrupted by damage to the structural connectome. J Neurosci.
2015;35(24):9050-63. htips://doi.org/10.1523/JNEUROSCI.4648-14.2015 PMID: 26085630

O’Neill GC, Tewarie P, Vidaurre D, Liuzzi L, Woolrich MW, Brookes MJ. Dynamics of large-scale
electrophysiological networks: a technical review. Neuroimage. 2018;180(Pt B):559-76.
https://doi.org/10.1016/j.neuroimage.2017.10.003 PMID: 28988134

Tagliazucchi E, von Wegner F, Morzelewski A, Brodbeck V, Laufs H. Dynamic BOLD functional

connectivity in humans and its electrophysiological correlates. Front Hum Neurosci. 2012;6:339.
https://doi.org/10.3389/fnhum.2012.00339 PMID: 23293596

PLOS Computational Biology | https://doi.org/10.1371/journal.pcbi. 1012795 March 7, 2025 29/ 32



https://doi.org/10.1073/pnas.1400181111
http://www.ncbi.nlm.nih.gov/pubmed/24982140
https://doi.org/10.1007/s10334-010-0197-8
http://www.ncbi.nlm.nih.gov/pubmed/20162320
https://doi.org/10.1016/j.neuron.2014.10.015
http://www.ncbi.nlm.nih.gov/pubmed/25374354
https://doi.org/10.3389/fnhum.2019.00006
http://www.ncbi.nlm.nih.gov/pubmed/30774589
https://doi.org/10.1016/j.tins.2020.06.005
http://www.ncbi.nlm.nih.gov/pubmed/32682563
https://doi.org/10.1016/j.biopsych.2020.05.010
http://www.ncbi.nlm.nih.gov/pubmed/32709415
https://doi.org/10.1371/journal.pone.0282707
http://www.ncbi.nlm.nih.gov/pubmed/36952467
https://doi.org/10.1038/s41467-023-44050-z
http://www.ncbi.nlm.nih.gov/pubmed/38331941
https://doi.org/10.1016/j.neuroimage.2020.117156
http://www.ncbi.nlm.nih.gov/pubmed/32698027
https://doi.org/10.1093/cercor/bhac500
http://www.ncbi.nlm.nih.gov/pubmed/36611231
https://doi.org/10.1162/imag
http://www.ncbi.nlm.nih.gov/pubmed/39927148
https://doi.org/10.1038/s41598-017-05425-7
http://www.ncbi.nlm.nih.gov/pubmed/28698644
https://doi.org/10.1016/j.neuroimage.2022.119716
http://www.ncbi.nlm.nih.gov/pubmed/36341951
https://doi.org/10.1016/j.neuroimage.2019.05.060
http://www.ncbi.nlm.nih.gov/pubmed/31132450
https://doi.org/10.1016/j.nicl.2017.04.005
http://www.ncbi.nlm.nih.gov/pubmed/28529877
https://doi.org/10.1523/JNEUROSCI.4648-14.2015
http://www.ncbi.nlm.nih.gov/pubmed/26085630
https://doi.org/10.1016/j.neuroimage.2017.10.003
http://www.ncbi.nlm.nih.gov/pubmed/28988134
https://doi.org/10.3389/fnhum.2012.00339
http://www.ncbi.nlm.nih.gov/pubmed/23293596
https://doi.org/10.1371/journal.pcbi.1012795

PLOS COMPUTATIONAL BIOLOGY DySCo

24.

25.

26.

27.

28.

29.

30.

31.

32.

33.

34.

35.
36.

37.

38.

39.

40.

41.

42.

43.

44.

Chang C, Liu Z, Chen MC, Liu X, Duyn JH. EEG correlates of time-varying BOLD functional
connectivity. Neuroimage. 2013;72:227-36. https://doi.org/10.1016/j.neuroimage.2013.01.049
PMID: 23376790

Benisty H, Barson D, Moberly AH, Lohani S, Tang L, Coifman RR, et al. Rapid fluctuations in
functional connectivity of cortical networks encode spontaneous behavior. Nat Neurosci.
2024;27(1):148-58. https://doi.org/10.1038/s41593-023-01498-y PMID: 38036743

Friston KJ. Functional and effective connectivity in neuroimaging: a synthesis. Hum Brain Mapp.
1994;2(1-2):56—78. https://doi.org/10.1002/hbm.460020107

Preti MG, Bolton TA, Van De Ville D. The dynamic functional connectome: state-of-the-art and
perspectives. Neuroimage. 2017;160:41-54. https://doi.org/10.1016/|.neuroimage.2016.12.061
PMID: 28034766

Mokhtari F, Akhlaghi MI, Simpson SL, Wu G, Laurienti PJ. Sliding window correlation analysis:
modulating window shape for dynamic brain connectivity in resting state. Neuroimage.
2019;189:655-66. https://doi.org/10.1016/j.neuroimage.2019.02.001 PMID: 30721750

Leonardi N, Van De Ville D. On spurious and real fluctuations of dynamic functional connectivity
during rest. Neuroimage. 2015;104:430-6. https://doi.org/10.1016/j.neuroimage.2014.09.007 PMID:
25234118

Zamani Esfahlani F, Jo Y, Faskowitz J, Byrge L, Kennedy DP, Sporns O, et al. High-amplitude
cofluctuations in cortical activity drive functional connectivity. Proc Natl Acad Sci U S A.
2020;117(45):28393-401. https://doi.org/10.1073/pnas.2005531117 PMID: 33093200

Faskowitz J, Esfahlani FZ, Jo Y, Sporns O, Betzel RF. Edge-centric functional network
representations of human cerebral cortex reveal overlapping system-level architecture. Nat
Neurosci. 2020;23(12):1644—-54. https://doi.org/10.1038/s41593-020-00719-y PMID: 33077948

Liu Z-Q, Vazquez-Rodriguez B, Spreng RN, Bernhardt BC, Betzel RF, Misic B. Time-resolved
structure-function coupling in brain networks. Commun Biol. 2022;5(1):532.
https://doi.org/10.1038/s42003-022-03466-x PMID: 35654886

Santoro A, Battiston F, Petri G, Amico E. Higher-order organization of multivariate time series. Nat
Phys. 2023;19(2):221-9.

Glerean E, Salmi J, Lahnakoski JM, Jaaskeldinen IP, Sams M. Functional magnetic resonance
imaging phase synchronization as a measure of dynamic functional connectivity. Brain Connect.
2012;2(2):91-101. https://doi.org/10.1089/brain.2011.0068 PMID: 22559794

Bedrosian E. Product theorem for Hilbert transforms. 1962.

Deco G, Cruzat J, Cabral J, Tagliazucchi E, Laufs H, Logothetis NK, et al. Awakening: predicting
external stimulation to force transitions between different brain states. Proc Natl Acad Sci U S A.
2019;116(36):18088—-97. https://doi.org/10.1073/pnas.1905534116 PMID: 31427539

Hancock F, Cabral J, Luppi Al, Rosas FE, Mediano PAM, Dipasquale O, et al. Metastability, fractal
scaling, and synergistic information processing: what phase relationships reveal about intrinsic
brain activity. Neuroimage. 2022;259:119433. https://doi.org/10.1016/j.neuroimage.2022.119433
PMID: 35781077

McCulloch DE-W, Olsen AS, Ozenne B, Stenbaek DS, Armand S, Madsen MK, et al. Navigating
the chaos of psychedelic neuroimaging: a multi-metric evaluation of acute psilocybin effects on
brain entropy. medRxiv. 2023. p. 2023-07

Cabral J, Fernandes FF, Shemesh N. Intrinsic macroscale oscillatory modes driving long range
functional connectivity in female rat brains detected by ultrafast fMRI. Nat Commun.
2023;14(1):375. https://doi.org/10.1038/s41467-023-36025-x PMID: 36746938

Steinmetz NA, Aydin C, Lebedeva A, Okun M, Pachitariu M, Bauza M, et al. Neuropixels 2.0: a
miniaturized high-density probe for stable, long-term brain recordings. Science.
2021;372(6539):eabf4588. https://doi.org/10.1126/science.abf4588 PMID: 33859006

Stringer C, Pachitariu M, Steinmetz N, Reddy CB, Carandini M, Harris KD. Spontaneous behaviors
drive multidimensional, brainwide activity. Science. 2019;364(6437):255.
https://doi.org/10.1126/science.aav7893 PMID: 31000656

Castro P, Luppi A, Tagliazucchi E, Perl YS, Naci L, Owen AM, et al. Dynamical structure-function
correlations provide robust and generalizable signatures of consciousness in humans. Commun
Biol. 2024;7(1):1224. https://doi.org/10.1038/s42003-024-06858-3 PMID: 39349600

Lavanga M, Stumme J, Yalcinkaya BH, Fousek J, Jockwitz C, Sheheitli H, et al. The virtual aging
brain: causal inference supports interhemispheric dedifferentiation in healthy aging. Neuroimage.
20283;283:120403. https://doi.org/10.1016/j.neuroimage.2023.120403 PMID: 37865260

Finn ES, Shen X, Scheinost D, Rosenberg MD, Huang J, Chun MM, et al. Functional connectome

fingerprinting: identifying individuals using patterns of brain connectivity. Nat Neurosci.
2015;18(11):1664—71. https://doi.org/10.1038/nn.4135 PMID: 26457551

PLOS Computational Biology | https://doi.org/10.1371/journal.pcbi. 1012795 March 7, 2025 30/ 32



https://doi.org/10.1016/j.neuroimage.2013.01.049
http://www.ncbi.nlm.nih.gov/pubmed/23376790
https://doi.org/10.1038/s41593-023-01498-y
http://www.ncbi.nlm.nih.gov/pubmed/38036743
https://doi.org/10.1002/hbm.460020107
https://doi.org/10.1016/j.neuroimage.2016.12.061
http://www.ncbi.nlm.nih.gov/pubmed/28034766
https://doi.org/10.1016/j.neuroimage.2019.02.001
http://www.ncbi.nlm.nih.gov/pubmed/30721750
https://doi.org/10.1016/j.neuroimage.2014.09.007
http://www.ncbi.nlm.nih.gov/pubmed/25234118
https://doi.org/10.1073/pnas.2005531117
http://www.ncbi.nlm.nih.gov/pubmed/33093200
https://doi.org/10.1038/s41593-020-00719-y
http://www.ncbi.nlm.nih.gov/pubmed/33077948
https://doi.org/10.1038/s42003-022-03466-x
http://www.ncbi.nlm.nih.gov/pubmed/35654886
https://doi.org/10.1089/brain.2011.0068
http://www.ncbi.nlm.nih.gov/pubmed/22559794
https://doi.org/10.1073/pnas.1905534116
http://www.ncbi.nlm.nih.gov/pubmed/31427539
https://doi.org/10.1016/j.neuroimage.2022.119433
http://www.ncbi.nlm.nih.gov/pubmed/35781077
https://doi.org/10.1038/s41467-023-36025-x
http://www.ncbi.nlm.nih.gov/pubmed/36746938
https://doi.org/10.1126/science.abf4588
http://www.ncbi.nlm.nih.gov/pubmed/33859006
https://doi.org/10.1126/science.aav7893
http://www.ncbi.nlm.nih.gov/pubmed/31000656
https://doi.org/10.1038/s42003-024-06858-3
http://www.ncbi.nlm.nih.gov/pubmed/39349600
https://doi.org/10.1016/j.neuroimage.2023.120403
http://www.ncbi.nlm.nih.gov/pubmed/37865260
https://doi.org/10.1038/nn.4135
http://www.ncbi.nlm.nih.gov/pubmed/26457551
https://doi.org/10.1371/journal.pcbi.1012795

PLOS COMPUTATIONAL BIOLOGY DySCo

45.

46.

47.

48.

49.

50.

51.

52.

53.

54.

55.

56.

57.

58.

59.

60.

61.

62.

63.

64.

65.

66.

Van De Ville D, Farouj Y, Preti MG, Liégeois R, Amico E. When makes you unique: temporality of
the human brain fingerprint. Sci Adv. 2021;7(42):eabj0751. https://doi.org/10.1126/sciadv.abj0751
PMID: 34652937

Glasser MF, Sotiropoulos SN, Wilson JA, Coalson TS, Fischl B, Andersson JL, et al. The minimal
preprocessing pipelines for the Human Connectome Project. Neuroimage. 2013;80:105-24.
https://doi.org/10.1016/j.neuroimage.2013.04.127 PMID: 23668970

Dyer EL, Kording K. Why the simplest explanation isn’t always the best. Proc Natl Acad Sci U S A.
2023;120(52):2319169120. https://doi.org/10.1073/pnas.2319169120 PMID: 38117857

SCHMID PJ. Dynamic mode decomposition of numerical and experimental data. J Fluid Mech.
2010;6565—28. https://doi.org/10.1017/s0022112010001217

Gutierrez-Barragan D, Ramirez JS, Panzeri S, Xu T, Gozzi A. Evolutionarily conserved FMRI
network dynamics in the mouse, macaque, and human brain. Nat Commun. 2024;15(1):8518.

Luppi Al, Craig MM, Pappas |, Finoia P, Williams GB, Allanson J, et al. Consciousness-specific
dynamic interactions of brain integration and functional diversity. Nat Commun. 2019;10(1):4616.
https://doi.org/10.1038/s41467-019-12658-9 PMID: 31601811

Glover GH, Gonzalez-Castillo J, Handwerker DA, Keilholz S, Kiviniemi V, Leopold DA, et al.
Dynamic functional connectivity: promise, issues, and interpretations. Neurolmage.
2013;80(10):360-78.

Raichle ME. The brain’s default mode network. Annu Rev Neurosci. 2015;38:433-47.
https://doi.org/10.1146/annurev-neuro-071013-014030 PMID: 25938726

Hindriks R, Adhikari MH, Murayama Y, Ganzetti M, Mantini D, Logothetis NK, et al. Can
sliding-window correlations reveal dynamic functional connectivity in resting-state fMRI?.
Neuroimage. 2016;127:242-56. https://doi.org/10.1016/j.neuroimage.2015.11.055 PMID: 26631813

Barttfeld P, Uhrig L, Sitt JD, Sigman M, Jarraya B, Dehaene S. Signature of consciousness in the
dynamics of resting-state brain activity. Proc Natl Acad Sci U S A. 2015;112(3):887-92.
https://doi.org/10.1073/pnas.1418031112 PMID: 25561541

Hancock F, Rosas FE, McCutcheon RA, Cabral J, Dipasquale O, Turkheimer FE. Metastability as a
candidate neuromechanistic biomarker of schizophrenia pathology. PLoS One.
2023;18(3):0282707. https://doi.org/10.1371/journal.pone.0282707 PMID: 36952467

Le Van Quyen M, Foucher J, Lachaux J, Rodriguez E, Lutz A, Martinerie J, et al. Comparison of
Hilbert transform and wavelet methods for the analysis of neuronal synchrony. J Neurosci Methods.
2001;111(2):83-98. https://doi.org/10.1016/s0165-0270(01)00372-7 PMID: 11595276

Aydore S, Pantazis D, Leahy RM. A note on the phase locking value and its properties.
Neuroimage. 2013;74:231-44. hitps://doi.org/10.1016/j.neuroimage.2013.02.008 PMID: 23435210

Grinsted A, Moore JC, Jevrejeva S. Application of the cross wavelet transform and wavelet
coherence to geophysical time series. Nonlin Processes Geophys. 2004;11(5/6):561-6.
https://doi.org/10.5194/npg-11-561-2004

Chavez M, Cazelles B. Detecting dynamic spatial correlation patterns with generalized wavelet
coherence and non-stationary surrogate data. Sci Rep. 2019;9(1):7389.
https://doi.org/10.1038/s41598-019-43571-2 PMID: 31089157

Cohen JR. The behavioral and cognitive relevance of time-varying, dynamic changes in functional
connectivity. Neuroimage. 2018;180(Pt B):515-25.
https://doi.org/10.1016/j.neuroimage.2017.09.036 PMID: 28942061

Deco G, Jirsa VK. Ongoing cortical activity at rest: criticality, multistability, and ghost attractors. J
Neurosci. 2012;32(10):3366—75. hitps://doi.org/10.1523/JNEUROSCI.2523-11.2012 PMID:
22399758

Bonacich P. Some unique properties of eigenvector centrality. Soc Netw. 2007;29(4):555-64.
https://doi.org/10.1016/j.socnet.2007.04.002

Vohryzek J, Deco G, Cessac B, Kringelbach ML, Cabral J. Ghost attractors in spontaneous brain
activity: recurrent excursions into functionally-relevant BOLD phase-locking states. Front Syst
Neurosci. 2020;14:20. hitps://doi.org/10.3389/fnsys.2020.00020 PMID: 32362815

Wu W, Massart DL, de Jong S. The kernel PCA algorithms for wide data. Part |: Theory and
algorithms. Chemometr Intell Lab Syst. 1997;36(2):165-72.
https://doi.org/10.1016/s0169-7439(97)00010-5

Demmel J, Dumitriu I, Holtz O. Fast linear algebra is stable. Numer Math. 2007;108(1):59-91.
https://doi.org/10.1007/s00211-007-0114-x

Hansen ECA, Battaglia D, Spiegler A, Deco G, Jirsa VK. Functional connectivity dynamics:
modeling the switching behavior of the resting state. Neuroimage. 2015;105:525-35.
https://doi.org/10.1016/j.neuroimage.2014.11.001 PMID: 25462790

PLOS Computational Biology | https://doi.org/10.1371/journal.pcbi. 1012795 March 7, 2025 31/ 32



https://doi.org/10.1126/sciadv.abj0751
http://www.ncbi.nlm.nih.gov/pubmed/34652937
https://doi.org/10.1016/j.neuroimage.2013.04.127
http://www.ncbi.nlm.nih.gov/pubmed/23668970
https://doi.org/10.1073/pnas.2319169120
http://www.ncbi.nlm.nih.gov/pubmed/38117857
https://doi.org/10.1017/s0022112010001217
https://doi.org/10.1038/s41467-019-12658-9
http://www.ncbi.nlm.nih.gov/pubmed/31601811
https://doi.org/10.1146/annurev-neuro-071013-014030
http://www.ncbi.nlm.nih.gov/pubmed/25938726
https://doi.org/10.1016/j.neuroimage.2015.11.055
http://www.ncbi.nlm.nih.gov/pubmed/26631813
https://doi.org/10.1073/pnas.1418031112
http://www.ncbi.nlm.nih.gov/pubmed/25561541
https://doi.org/10.1371/journal.pone.0282707
http://www.ncbi.nlm.nih.gov/pubmed/36952467
https://doi.org/10.1016/s0165-0270(01)00372-7
http://www.ncbi.nlm.nih.gov/pubmed/11595276
https://doi.org/10.1016/j.neuroimage.2013.02.008
http://www.ncbi.nlm.nih.gov/pubmed/23435210
https://doi.org/10.5194/npg-11-561-2004
https://doi.org/10.1038/s41598-019-43571-2
http://www.ncbi.nlm.nih.gov/pubmed/31089157
https://doi.org/10.1016/j.neuroimage.2017.09.036
http://www.ncbi.nlm.nih.gov/pubmed/28942061
https://doi.org/10.1523/JNEUROSCI.2523-11.2012
http://www.ncbi.nlm.nih.gov/pubmed/22399758
https://doi.org/10.1016/j.socnet.2007.04.002
https://doi.org/10.3389/fnsys.2020.00020
http://www.ncbi.nlm.nih.gov/pubmed/32362815
https://doi.org/10.1016/s0169-7439(97)00010-5
https://doi.org/10.1007/s00211-007-0114-x
https://doi.org/10.1016/j.neuroimage.2014.11.001
http://www.ncbi.nlm.nih.gov/pubmed/25462790
https://doi.org/10.1371/journal.pcbi.1012795

PLOS COMPUTATIONAL BIOLOGY DySCo

67.

68.

69.

70.

71.

72.

73.
74.

Casali AG, Gosseries O, Rosanova M, Boly M, Sarasso S, Casali KR, et al. A theoretically based
index of consciousness independent of sensory processing and behavior. Sci Transl Med.
2013;5(198):198ra105. https://doi.org/10.1126/scitranslmed.3006294 PMID: 23946194

Cavelli ML, Mao R, Findlay G, Driessen K, Bugnon T, Tononi G, et al. Sleep/wake changes in
perturbational complexity in rats and mice. iScience. 2023;26(3):106186.
https://doi.org/10.1016/j.isci.2023.106186 PMID: 36895652

Mediano PA, Rosas FE, Luppi Al, Noreika V, Seth AK, Carhart-Harris RL, et al. Spectrally and
temporally resolved estimation of neural signal diversity. bioRxiv. 2023. p. 2023-03.

Carhart-Harris RL, Leech R, Hellyer PJ, Shanahan M, Feilding A, Tagliazucchi E, et al. The entropic
brain: a theory of conscious states informed by neuroimaging research with psychedelic drugs.
Front Hum Neurosci. 2014. p. 20.

Von Neumann J. Mathematical foundations of quantum mechanics: new edition, vol. 53. Princeton
University Press; 2018.

1200 Subjects Data Release — Connectome.
https://www.humanconnectome.org/study/hcp-young-adult/document/1200-subjects-data-release

Wu-minn hcp 1200 subjects data release reference manual. 2017.
nipy/nibabel: 5.2.1. htips://zenodo.org/records/10714563

PLOS Computational Biology | https://doi.org/10.1371/journal.pcbi. 1012795 March 7, 2025 32/ 32



https://doi.org/10.1126/scitranslmed.3006294
http://www.ncbi.nlm.nih.gov/pubmed/23946194
https://doi.org/10.1016/j.isci.2023.106186
http://www.ncbi.nlm.nih.gov/pubmed/36895652
https://www.humanconnectome.org/study/hcp-young-adult/document/1200- subjects-data-release
https://zenodo.org/records/10714563
https://doi.org/10.1371/journal.pcbi.1012795

	DySCo: A general framework for dynamic functional connectivity
	References




