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Multimodal Dynamic Brain Connectivity Analysis
Based on Graph Signal Processing for Former
Athletes With History of Multiple Concussions

Saurabh Sihag , Sebastien Naze, Foad Taghdiri, Charles Tator, Richard Wennberg, David Mikulis, Robin Green,
Brenda Colella, Maria Carmela Tartaglia, and James R. Kozloski

Abstract—The study of structure-function relationships in the
brain has been an active area of research in neuroscience. The
availability of brain imaging data that captures the structural
connectivity and functional co-activation of the brain regions has
led to the study of multimodal technical frameworks that can help
disentangle the mechanisms linking cognitive abilities and brain
structural alterations. This paper analyzes the diffusion and resting
state functional magnetic resonance imaging (dMRI and rs-fMRI)
data collected from a population consisting of former athletes with
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a history of multiple concussions and healthy controls with no
reported history of concussion. For each subject, the structural
connectome is represented by a graph with its nodes associated
with cortical brain regions and the adjacency matrix derived from
dMRI. Each cortical brain region is associated with a blood oxygen
level dependent (BOLD) signal derived from fMRI. This paper uses
the tools from graph signal processing (GSP) to select the brain
regions of interest (ROIs) that have significant statistical differences
in the extracted high and low graph frequency components of the
region specific BOLD signal across former athletes and healthy
controls, where the graph frequencies represent the extent of spatial
variations of the BOLD signal across the brain. The selected ROIs
have also been previously identified to be affected in the existing
clinical studies on traumatic brain injuries (TBI). Furthermore,
the dynamic functional connectivity profiles of the selected ROIs
are determined by leveraging the high and low graph frequency
components of the BOLD signal and a sliding window based ap-
proach. Interestingly, the graph frequency functional connectivity
profiles reveal unique characteristics that are not apparent in the
unimodal dynamic functional connectivity profiles based on fMRI.
Our analysis reveals statistically significant differences in the dwell
times in multiple dynamic graph frequency functional connectiv-
ity states for the two groups of subjects. Therefore, the results
presented in this paper underline the significance of graph signal
processing tools for multimodal analysis of brain imaging data
and also provide promising direction for applications in clinical
research and medical diagnosis.

Index Terms—Brain modeling, graphical models, signal
processing.

I. INTRODUCTION

A. Literature Review

GRAPHICAL models and complex networks are among the
widely adopted tools for mathematical representation and

analysis of anatomical structure and functional activation of the
brain derived from brain imaging [1]–[3]. In an anatomy based
graph model for the brain, the brain regions form the nodes while
the number of axonal connections and degree of co-activation
between any two brain regions determine the structural connec-
tivity and functional connectivity, respectively, between them.

Existing studies have expanded the analysis of functional
connectivity from a static perspective, i.e., studying the average
functional coupling among the brain regions across a scan
length, to a dynamic perspective, where the focus is on the
dynamic evolution of functional connectivity during an entire
brain imaging scan [4]–[6]. The evolution of resting state
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functional connectivity based on the analysis of functional mag-
netic resonance imaging (fMRI) data was explored in [7]–[9].
The studies in [9]–[17] focused on evaluating different technical
frameworks for dynamic functional connectivity analysis.
Specifically, a least squares approach was adopted in [9] to
jointly learn the time invariant and time varying connectivity
patterns in the functional connectivity. A time varying graphical
Lasso based approach was applied in [10] to analyze resting state
fMRI. In [11], the dynamic functional connectivity was char-
acterized by a time varying tensor based decomposition of the
electroencephalography (EEG) data. A hidden Markov model
based Bayesian framework was studied to analyze time varying
functional networks and their corresponding change points
in [12]. In [13], the instantaneous phase synchrony analysis
based approach was investigated for dynamic connectivity anal-
ysis of fMRI. The study in [14] adopted a data driven principal
component analysis (PCA) based methodology to analyze time
varying patterns in the fMRI data. The study in [15] analyzed
the dynamic functional connectivity for an anatomical graph
model and a data driven independent component analysis (ICA)
based graph model of the brain. In [16], the correlation between
the results from dynamic connectivity analysis of the fMRI data
and features extracted from EEG data was investigated.

The study of dynamic functional connectivity has also been
applied in clinical studies to isolate the functional changes
in the brain in the context of various neurodegenerative
diseases and neuropsychiatric disorders [18]–[30]. Specifi-
cally, the time varying functional connectivity derived from
the fMRI data analysis has been investigated in the studies
on Alzheimer’s disease [18], schizophrenia [19]–[21], psy-
chosis [22], epilepsy [23], behavioral weight loss [25], Parkin-
son’s disease [26], depression [27], and mild traumatic brain
injury (mTBI) [28]–[30]. The studies in [28]–[30] analyzed the
dynamic functional connectivity for subjects with mTBI using
resting state functional magnetic resonance imaging (fMRI)
data. In [28], different intrinsic connectivity networks were
identified from the blood oxygen level dependent (BOLD) signal
using independent component analysis and their functional con-
nectivity analyzed using a sliding window approach. The study
in [29] reported the effects of fMRI data preprocessing routines
on the results of the dynamic functional connectivity analysis
for mild traumatic brain injury. In [30], the dynamic functional
connectivity was analyzed for subjects at the acute stage of mTBI
and those diagnosed with post-concussive syndrome (PCS).

The alterations in the structural and functional connectivity of
the brain due to traumatic brain injuries have been studied using
the tools from graph theory and network analysis in [31]–[38].
Changes in structural integrity and functional connectivity of
the brain were analyzed independently and correlated in [31].
A graph theory based approach to analyze the alterations in
functional connectivity due to TBI was proposed in [32]. The
evolution of disruptions in functional connectivity over a period
of time were studied for subjects diagnosed with PCS [36].
The variations in structural connectivity due to brain injury
were studied and correlated with cognitive flexibility in [37].
In [38], features from resting state fMRI and diffusion MRI
were evaluated for detection of TBI using a machine learning
framework.

The aforementioned studies in [28]–[38] in the context of
brain imaging data analysis for TBI, analyzed the functional and
structural connectivity independently. The availability of brain
imaging techniques that capture the brain structural connectivity
(e.g., diffusion magnetic resonance imaging (dMRI)) and func-
tional connectivity (e.g., EEG, fMRI) have allowed the multi-
modal analysis based on anatomical and functional connectivity
of the human brain and therefore, a better comprehension of the
neuropsychological significance of the features extracted from
brain imaging data [39]. Multimodal brain imaging analysis is
particularly relevant in the context of traumatic brain injuries
(TBI), where the anatomical and functional alterations in the
brain have been reported to be correlated with behavioral and
cognitive dysfunctions [40]–[43]. Alterations in the functional
behavior of default mode network during visual tasks for sub-
jects with mTBI was studied in [40]. The structural connectivity
of the brain was correlated with neurocognitive functioning for
subjects at different stages of recovery from TBI [41]. Features
in functional connectivity for subjects with TBI were reported to
be correlated with performance in switching tasks and severity
of injury in [42].

Multimodal analyses of brain imaging data have been applied
to relate the structure-function relationships with cognitive im-
pairment and flexibility in different contexts besides TBI in [39],
[44]–[57]. A review of ICA based multimodal fusion techniques
and their role in the study of psychopathology was provided
in [39]. In [44], the structural alterations in white matter and gray
matter were studied in the context of autism spectrum disorder.
Supervised learning algorithms on structural and functional
connectivity data were shown to be effective for age prediction
in [45]. The study in [46] analyzed the relationships between
the resting state networks and spectral properties of the human
brain connectome.

The domain of graph signal processing (GSP), which enables
the analysis of signals generated on the nodes of a graph, has
provided a promising framework for multimodal analyses of
brain imaging data. In recent years, GSP analysis has been
applied to the joint analysis of the human brain structural
and functional networks in [48]–[57]. The studies in [48]–[50]
related the performance and adaptability over different tasks
with the energies of the graph frequency components of the
blood oxygen-level dependent (BOLD) signal associated with
brain activity. In [51], dimensionality reduction and supervised
learning strategies were applied in conjunction with graph signal
processing tools to evaluate the classification performance on
datasets of brain signals collected under different contexts. The
study in [52] focuses on analyzing the coupling between function
and structure for different brain regions using graph filtering
operations.

Limited studies have explored the use of GSP frameworks for
finding discriminating features in different contexts of neuro-
logical disorders [53]–[57]. A low graph frequency based clas-
sification framework was studied in the context of Alzheimer’s
disease in [53]. The studies in [54], [55] studied the MRI brain
imaging data in the context of autism spectrum disorder (ASD)
and focused on finding the features derived from graph signal
processing for supervised classification tasks. Specifically, the
study in [54] used time varying coefficients of graph Fourier
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transform for supervised classification. The works in [56]
and [57] used graph signal processing tools on electroen-
cephalography (EEG) data in the context of consciousness dis-
orders and schizophrenia, respectively.

B. Contributions

In this paper, we used the tools from graph signal processing
to analyze the dynamic functional connectivity of the brain in the
context of concussion. The brain imaging data (dMRI and fMRI)
were collected from two groups of subjects: 55 former athletes
with a history of multiple concussions and 26 healthy controls
with no reported history of concussions. Graph filters based
on the spectral decomposition of the structural connectivity
of the brain were used to extract the different components of
the BOLD signals according to their spatial variability over
the brain structure. We used the energies of the high graph
frequency and low graph frequency components of the subjects’
BOLD signals as features to select the regions of interest in
the brain that had statistically significant variations in the two
groups of subjects. Based on the high graph frequency analysis,
we selected 5 regions of interest (ROIs): entorhinal, isthmus
cingulate, superior parietal, precuneus, and insula in the left
hemisphere, and analyzed the dynamic high graph frequency
functional connectivity of these regions. Similarly, based on the
low graph frequency analysis, we selected 8 regions of interest:
supramarginal, para hippocampal, postcentral, and superior pari-
etal in the left hemisphere and pericalcarine, pars opercularis,
pars triangularis, and postcentral in the right hemisphere, and
analyzed the dynamic low graph frequency functional connec-
tivity of these regions. The analysis of time varying connectivity
of the regions of interest, where the connectivity between any
two regions was determined by the correlation among their
respective graph filtered components of the BOLD signal, es-
tablished a multimodal dynamic functional connectivity analysis
framework. Dynamic graph frequency based functional connec-
tivity analysis pertaining to low graph frequency and high graph
frequency components of the BOLD signal in the respective
ROIs revealed statistically significant variations in the dynamic
connectivity profiles in different graph frequencies for former
athletes and healthy controls.

II. DATA ACQUISITION

The study was approved by the research ethics boards of Uni-
versity Health Network. Consent was obtained from all subjects
before participating in the study. The 55 former athletes (mean
age = 51.61 years, standard deviation = 12.74 years) were male
former professional football, hockey or boxing athletes, with
history of multiple concussions and thus at risk of a neurode-
generative disease such as chronic traumatic encephalopathy
(CTE). Healthy subjects (number = 26, mean age = 50.20
years, standard deviation= 12.14 years) were recruited from the
community and were healthy male volunteers with no history of
concussion.

High-resolution T1-weighted whole-brain scans were ac-
quired using inversion recovery fast spoiled gradient echo
(IR-FSPGR) sequence and the following parameters: 180 ax-
ial slices with 1 mm thickness; 3-ms echo time (TE); 7.8-ms

repetition time (TR); 450-ms inversion time (TI); 15 flip angle;
25.6-cm field of view (FOV); 256 × 256 matrix size; 1 × 1 × 1
mm3 voxel size. A 3 T MRI system (Signa HDx, GE Healthcare,
Milwaukee, WI, USA) with a standard 8-channel head coil was
used to obtain structural and diffusion-weighted imaging (DWI)
and the following parameters: 2.4 mm thick axial slices, TR =
17000 ms, FOV = 23 cm, 2.4 × 2.4 mm2 in-plane resolution.
At least one DWI scan was obtained per subject with diffusion
gradients applied across 60 spatial directions (b=1000 s/mm2)
as well as 10 non-diffusion weighted (B0) scans. Prior to the
rs-fMRI scan, participants were instructed to close their eyes,
not think of anything in particular, and to not fall asleep. The
scan acquisition was 5 min 8 s using T2-weighted echo-planar
imaging with the following parameters: TR = 2000 ms, TE =
30 ms, 64 × 64 matrix, 20-cm FOV, flip angle = 85°, 40 slices,
3.125 × 3.125 × 4 mm3 voxels.

III. METHODS

We first list the standard methodologies utilized to extract the
structural and functional connectivity data for each subject.

A. Multi-Modal Neuroimaging Pipeline

We utilized the MRI/dMRI pipeline from [58] to extract
the subject specific structural connectomes from dMRI data.
The structural connectome for each subject was formed by 66
cortical brain regions. The pipeline was based on FreeSurfer,
FSL, and the MRtrix3 tractography toolbox and computed a
66 × 66 cortico-cortical connectivity matrix that conformed to
the Desikan-Kiliany brain parcellation (Unknown and Corpus
Callosum regions were not considered cortical, and therefore we
removed them bilaterally from our study) and was subsequently
normalized by regions’ volume. Note that Corpus Callosum
was only removed as a node and the inter-hemispheric fibres
passing through Corpus Callosum were represented as edges and
accounted for in the structural connectivity matrix computed by
the MRI/dMRI pipeline.

The blood oxygen level dependent (BOLD) time series from
fMRI data was extracted using the fMRIPrep pipeline [59]. The
region wise BOLD time series were extracted by region-based
averaging of the time series using the Desikan-Kiliany cortical
parcellation. The extracted BOLD time series were of length
308 seconds (154 time points) of which the first 18 seconds
were not utilized in the analysis in this paper. Additionally,
the BOLD time series were pre-processed by removal of any
linear trends and constant offsets and passed through a sec-
ond order Butterworth low pass frequency domain filter with
the cutoff frequency 0.1 Hz. To account for any variations in
the fMRI data across the subjects due to physical aspects of
MRI scanning, the BOLD time series per region were z-score
normalized [60].

B. ROI Selection Using Graph Signal Processing Analysis

We briefly discuss the theory of graph Fourier transform
(GFT) and graph filters used for feature extraction and ROI
selection from the brain imaging data.
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1) Brain Graph Model: The structural connectome of a sub-
ject’s brain is represented in the form of a cortico-cortical
structural connectivity matrix derived from its MRI/dMRI data,
and presents one input to our pipeline. Consider a brain structural
connectivity graph G � {V, E}, where V is the set of nodes
with each node representing a distinct cortical brain region,
s.t., |V| = n, and E is the set of undirected edges in G. The
edge between a pair of distinct regions i and j, if it exists,
is denoted by (i, j). Therefore, the cortico-cortical structural
connectivity matrix describes the adjacency matrix of the brain
structural connectivity graph. DefineA ∈ Rn×n as the weighted
adjacency matrix, s.t.,

Aij =

{
wij , if (i, j) ∈ E ,

0, if (i, j) �∈ E or if i = j .
(1)

where Aij is the entry in A that represents the axonal tract
link between i−th and j−th cortical region in the brain, ∀i �=
j ∈ V and wi,j > 0 is the strength of the link Aij . Each node
is associated with a collection of measurements, which in this
paper, is the BOLD time series extracted from fMRI data. Define
X ∈ Rn×t as the BOLD signal for n brain regions over the
course of t time points.

2) Graph Frequency Analysis: The graph frequencies corre-
spond to the specific components of the BOLD signal according
to the degree of their variability on the physical structure of the
brain [48]. Graph Fourier Transform (GFT) [61] provides
the necessary framework to encode this variability of BOLD
time series over structural connectome into graph frequencies.
We define GFT as follows:

Definition 1 (Graph Fourier Transform): Given a sig-
nal x ∈ Rn and a diagonalizable graph shift operator
S = VΛV−1 ∈ Rn×n, the graph Fourier transform pair is
given by

x̂ = V−1x, and x = Vx̂ . (2)

In general, the adjacency matrix and the variants of the
Laplacian matrix can be used as graph shift operators [48].
In this paper, we use the adjacency matrix A as the graph
shift operator. Since A is a symmetric matrix, we have V−1 =
VT. The eigenvectors of A = VΛV−1 form the columns of
V = [v0, . . . , vn−1]. The eigenvalues of A are the elements of
the diagonal matrix Λ = diag(λ0, λ1, . . . , λn−1). Note that the
eigenvectors of A form the spectral components of the graph
and the eigenvalues of A form the graph frequencies. The
eigenvector-eigenvalue pairs, (vk, λk), ∀k ∈ {0, . . . , n− 1}, of
A are termed as the eigenmodes of the graph G.

In GSP, the graph frequencies are associated with the spatial
variation of the signal across the graph. This can be intuitively
explained by the relation of the graph frequencies with the total
variation of the spectral components given by

TVG(vk, λk) � ‖1− λk/λmax(A)‖1‖vk‖1 , (3)

where λmax(A) is the largest eigenvalue of A and ‖ · ‖1 is the
�1 norm. Based on (3), the graph frequency λl is said to be
higher than λk if TVG(vl, λl) > TVG(vk, λk) [61]. Note that for

adjacent matrix A, we have

λk = vTk Avk =
∑
i�=j

Aijv
i
kv

j
k , (4)

where vik is the i−th element of the eigenvector vk. Thus, a large
value of λk implies smaller variation in the elements associated
with connected nodes in the eigenvector corresponding to λk,
whereas, the smaller eigenvalues imply that the entries of their
corresponding eigenvectors at the structurally connected nodes
tend to be in different directions. For the GSP analysis with the
adjacency matrix as the graph shift operator, the lower graph
frequencies are associated with the larger eigenvalues.

3) Graph Spectral Filtering: The theory behind graph fre-
quencies summarized in Section III-B2 allows us to extract
different components of the BOLD time series according to their
spatial variation with the help of graph frequency filters [62],
which act as the second input to our pipeline. We define a graph
filter

F � diag(f(λ0), . . . , f(λn−1)) , (5)

where f(λk) is the frequency response for the eigenmode k ∈
{0, . . . , n− 1}. For a given spatial vector x over the graph, its
graph filtered output y is given by

y = VFVTx . (6)

As an example, a high pass graph filter that passes only the
components corresponding to 10 highest graph frequencies can
be designed by setting the diagonal elements

f(λk) =

{
1, ∀k = {0, . . . , 9}
0, otherwise.

(7)

The design of the graph filters enabled us to isolate the different
frequency components of BOLD signals for the subjects. For this
purpose, we first used the GFT based filter to extract the graph
frequency components of the BOLD time series X ∈ Rn×t,
which is given by

Y = VFVTX , (8)

where Y ∈ Rn×t is the graph frequency component of X cor-
responding to the graph filter F. To evaluate the energy of the
graph frequency component of Y at a brain region i ∈ V , we
evaluated the �2 norm of Yi where Yi is the i-th row of Y, s.t.,
Y = [Y1, . . . ,Yn]

T.
We focused our analysis on the high graph frequency and

low graph frequency components of the BOLD signal that have
been consistently shown to be the most informative and robust
for brain imaging analysis [49], [50]. The eigenvalues for the
two groups of subjects were not different significantly. Fig. 1
illustrates the eigenspectrum of the structural connectome for
different subjects. For every subject, we used the 7 highest
eigenvalues for low pass graph filtering and 6 lowest eigenvalues
for the high pass graph filtering. The robustness of the decom-
position of the BOLD signals with respect to the cutoffs on the
graph frequencies for graph filtering was verified using similar
methods adopted in [49] and [50]. See supplementary file for
more details.
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Fig. 1. Eigenspectra of the adjacency matrices of the structural connectomes
of all 81 subjects. For each subject, the lowest eigenvalues (in blue background)
were associated with the high graph frequencies and the highest eigenvalues (in
yellow background) were associated with the low graph frequencies.

Fig. 2. BOLD time series from the 66 parcellated cortical brain regions of a
randomly selected subject, with corresponding low and high graph frequencies
filtered BOLD signals. For all 66 brain regions, note the smooth spatial evolution
in the low pass filtered BOLD time series and highly variable spatial evolution
in the high pass filtered BOLD time series.

Fig. 2 shows the high graph frequency components and low
graph frequency components of the BOLD signal from all 66
brain regions for a randomly selected subject. The output of the
low pass graph filter varies smoothly for all brain regions. On
the other hand, the output of the high pass graph filter exhibits
rapid variation across different brain regions which illustrates
high spatial variability. The magnitudes of the unfiltered BOLD
signals capture the neuronal activities at different brain regions.

Figs. 3 and 4 plot the mean energies (�2-norms) of the high
graph frequency components and the low graph frequency com-
ponents for different brain regions, respectively, for the two
groups of subjects. The brain regions are grouped by coarser
anatomical affinity (frontal, temporal, occipital, parietal, and
insular lobes). As expected, the low pass graph filters capture
more energy as compared to the high pass graph filters because
the BOLD signals at different inter-connected brain regions tend
to change in the same direction. The brain functional activity that

Fig. 3. Energy concentrations of low graph frequency components sorted
from lowest to highest across all areas for healthy subjects (HC) and former
athletes (FA). The bars represent the mean energy concentration of the low
graph frequency components in 66 brain areas across the two groups of subjects
and are color-coded by the lobe assignment.

Fig. 4. Energy concentrations of high graph frequency components sorted
from lowest to highest across all areas for healthy subjects (HC) and former
athletes (FA). The bars represent the mean energy concentration of the high
graph frequency components in 66 brain areas across the two groups of subjects
and are color-coded by the lobe assignment.

deviates from this trend is captured by the high pass graph filters.
Furthermore, for both healthy subjects and former athletes, we
observed that the low graph frequency components had higher
energies for the brain regions in the parietal lobe and the occipital
lobe (see Fig. 2 in the supplementary file). Also, the high graph
frequency components were more concentrated in the certain
regions of the occipital lobe (see Fig. 1 in the supplementary file).
However, there were subtle differences between the distributions
of the energies of high or low graph frequency components
across the different lobes in the former athletes and healthy
controls. To isolate the significant differences between the two
groups, energies of the different graph frequency components of
the BOLD signals from the 66 brain regions were statistically
compared for the two groups of subjects.

The corresponding variances of the energy concentrations of
the low graph frequency components in Fig. 3 or that of the
high graph frequency components in Fig. 4 across subjects were
assessed individually for every brain region using an F-test at
0.05 significance level with the null hypothesis that the variances
of the distributions of the low or high graph frequency energy
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Algorithm 1: Algorithmic Steps for ROI Selection.
Data: Structural connectome (66× 66), BOLD time series

(66× 145) for HC and FA
ROI selection using GSP:

1. For every subject in HC and FA,
a) Use GFT to extract high/low graph frequency

components of BOLD.
b) Compute high/low graph frequency energies of

graph filtered components of BOLD at all 66
brain regions.

2. For every brain region,
a) Perform Mann-Whitney U tests on energies of

graph filtered outputs from HC and FA.
b) Select the region as ROI if for its Mann-Whitney

U test, p-value < 0.05 and effect size > 0.25.

concentrations for the two groups of subjects in that region
were the same. No significant differences in the variances of
the distributions of the low or high graph frequency energy
concentrations for the two groups of subjects were observed
for any brain region.

The Mann-Whitney U test was used to assess whether the
region-wise energies of the filtered BOLD signals had different
statistical central tendencies across former athletes and healthy
controls. The Mann-Whitney U test is a non-parametric test
that tests the null hypothesis that the two samples belong to
the univariate distributions with same medians against the alter-
native hypothesis, that they do not, under the assumption that
the two distributions being tested have an equal variance. In our
study, for every brain region, the null hypothesis was that the
corresponding energies of the filtered BOLD signals across each
group were drawn from the distributions with similar central
tendencies, as opposed to the distributions with different central
tendencies in the alternative hypothesis. The test statistic of the
Mann-Whitney U test is evaluated based on the number of times
the samples from one distribution precedes the samples of the
other distribution in the combined sorted arrangement of the
samples from the two distributions [63].

To select the regions of interest, we used the p-values for
Mann-Whitney U test and the corresponding effect size r based
on the z-statistic of the test [64]. The statistical test for a
brain region with both p-value < 0.05 and an absolute value of
the effect size greater than 0.25 indicated non-trivial statistical
differences between the two groups, and therefore, was selected
as a region of interest (ROI). A negative effect size for a region
indicated that the energy for that region was more likely to be
larger for healthy controls than former athletes and vice-versa.
The steps for selecting the ROIs using GSP methods described
in this section are summarized in Algorithm 1. The statistical
significance of the effect sizes was evaluated using a permutation
test where the null distribution of effect size for any ROI was gen-
erated by randomly shuffling the corresponding graph frequency
energy values across the brain regions for every subject and eval-
uating the effect sizes for the Mann-Whitney U tests for every
instance.

We remark that the ROI selection can also be performed based
on the ratio of energy of each graph signal contributed by low
or high graph frequency components. Additional experiments
also indicated that the ROI selection was influenced jointly by
structural and functional differences between the two groups
(see supplementary file).

C. Dynamic Connectivity Analysis

Dynamic connectivity analysis is often performed on the
functional data such as fMRI to analyze the recurring functional
connectivity states over the scan length. The sliding window
approach is one of the most common methodologies applied
for dynamic connectivity analysis (c.f. [20]–[22], [24]–[29]).
Furthermore, an ROI based approach is commonly adopted in
the brain imaging analysis to isolate the driving features behind
the studied phenomenon [65], [66]. In the context of our study,
we hypothesized that the ROIs could be informative about any
differences between the dynamic connectivity profiles of the
two groups of subjects. Therefore, we studied the dynamic
connectivity of the high and low graph frequency components
from the selected ROIs.

Remark 1: A common fallacy of using an ROI based brain
analysis is the statistical bias induced in the results due to
non-independence between the process to select the ROIs and
the subsequent analysis focused on the selected ROIs [67]. In this
paper, we selected the ROIs based on the differences in their re-
spective energy concentrations of graph frequency components
in the two groups of subjects. This selection procedure did not
provide any information about the correlation among the graph
frequency components or their dynamics at the selected ROIs,
which is the focus of the dynamic connectivity analysis.

We used a sliding window approach on the graph frequency
components of the selected ROIs to find transient connectivity
states and characterize the dynamic nature of the graph fre-
quency components of resting state fMRI among a combined
set of former athletes and healthy controls. For each subject,
we extracted the BOLD signals and their high and low graph
frequency components from the ROIs selected using steps from
Algorithm 1 over contiguous time windows.

For the results presented in this paper, the length of the time
window was fixed at 20 seconds (10 time points) with an overlap
of half of the window size between any two consecutive time
windows. We calculated a region-wise correlation matrix for
each time window which resulted in 28 matrices per subject for
all subjects. Correlation matrices from all time windows for all
former athletes and healthy controls were pooled for k-means
clustering, where the k-means clustering was applied by forming
a vector of all pair-wise correlations between different regions
for every correlation matrix. The centroids of the identified
clusters were associated with the states commonly occurring
across former athletes and healthy control subjects. The number
of clusters in the k-means clustering algorithm was chosen
using Calinski-Harabasz [68] and silhouette [69] criteria, both of
which are commonly used to determine the appropriate number
of clusters in the dynamic connectivity analysis. We observed
that these connectivity states recurred throughout the duration
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Fig. 5. Illustration of the Multimodal Dynamic Connectivity Analysis for 66 cortical brain regions and 3 states. Graph frequency filters were applied on the
BOLD signal in the pre-processing step. HC: Healthy controls, FA: Former athletes.

of the fMRI scans as the brain of each subject switched among
different states.

We characterized the dynamic behavior of the brain for
healthy controls and former athletes using transition matrices
representing the observed instances of the brain switching from
one state to another for the two groups. For the k states identified
using k-means clustering of correlation matrices, the elements
of a transition matrix Tk of size k × k were evaluated as

[Tk]ij =
Nij∑k
j=1 Nij

, (9)

where [Tk]ij is the (i, j)-th element of Tk and Nij is the total
number of transitions from state i to state j in a given group
of subjects. Fig. 5 illustrates the pipeline for the multimodal
dynamic connectivity analysis applied for the 66 cortical brain
regions. Clearly, the differences in the dynamic connectivity
profiles for the two groups of subjects were associated with
the states and encoded in the different statistics associated
with the Markov chains corresponding to the transition matrices
for the two groups. In this paper, we explored the fractions of
the total scan time that the brain spends in a particular state
for the subjects in the two groups to detect the states with
statistically different behavior in the two groups. Specifically,
for any subject m, an occupancy ratio ORm

i was associated with
the state i ∈ {1, . . . , k} which quantified the fraction of the total
28 correlation matrices deemed to be associated to that particular
state by k-means clustering, i.e.,

ORm
i � Number of matrices in state i for subject m

28
. (10)

We evaluated the ORs for the different states for all subjects in
the two groups. The ORs corresponding to different states for the
subjects in two groups were evaluated for statistical differences
using the Mann-Whitney U test at the significance level of 0.05.

Remark 2: We also remark that the dynamic connectivity
analysis results in this paper were robust to the selection of
the length of time windows. We observed consistency in the
qualitative features of the isolated states (characterized by their
respective ORs and the correlation among different brain re-
gions) for the two groups of subjects as the size of the time
window was varied from 12 seconds to 32 seconds for the high
graph frequency components and from 18 seconds to 28 seconds
for the low graph frequency components.

IV. RESULTS

A. GSP Based Regions of Interest

We selected the regions of interest using the steps listed in
Algorithm 1. For this purpose, we evaluated the energies of the
high graph frequency components of the BOLD time series for
all brain regions for all subjects. Fig. 6 plots the p-values of
the Mann-Whitney U tests on the high graph frequency energies
from healthy subjects and former athletes for different brain
regions. Similarly, Fig. 7 plots thep-values of the Mann-Whitney
U tests on the high graph frequency energies from healthy
subjects and former athletes for different brain regions.

Based on the analysis of the high pass filtered BOLD signal,
5 regions of interest were selected in the left hemisphere for
further analysis. The corresponding effect sizes for these ROIs
are reported in Table I. No region of interest was selected
based on the analysis of high pass filtered BOLD signal in the
right hemisphere. Furthermore, based on the analysis of low
pass filtered BOLD signal, we selected 4 regions of interest
in the right hemisphere, and 4 brain regions of interest in the
left hemisphere for further analysis. The corresponding effect
sizes for these ROIs are reported in Table II. For the effect
sizes associated with the ROIs in Table I and Table II, we
also evaluated their statistical significance using a permutation
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Fig. 6. p-values for Mann-Whitney U test on the energy of high pass filtered
BOLD signal from regions in left hemisphere and the right hemisphere.

Fig. 7. p-values for Mann-Whitney U test on the energy of low pass filtered
BOLD signal from regions in the left hemisphere and the right hemisphere.

based test described in Section III-B3 over a null distribution of
effect sizes generated by shuffling the energy values at the brain
regions 50000 times for every subject. The p-value for an effect
size using this permutation test corresponds to the number of
instances for which the observed effect size was strictly greater

TABLE I
ROIS BASED ON HIGH GRAPH FREQUENCY COMPONENTS

TABLE II
ROIS BASED ON LOW GRAPH FREQUENCY COMPONENTS

Fig. 8. ROI high graph frequency connectivity states identified based on k-
means clustering with 2 clusters. p-values correspond to Mann-Whitney U test
on the OR for variation between the two groups of subjects.

than the effect sizes for permuted energy values. For the sake
of clarity in subsequent results, we refer to the brain regions of
interest by indices listed in Tables I and II, where the prefixes �-
and r- are used to indicate that a region is in the left hemisphere
and the right hemisphere, respectively. From Tables I and II,
we also note that the direction of effects varied across the two
groups for different brain regions.

B. Multimodal Dynamic Connectivity Analysis Based on GSP

We restrict the dynamic connectivity analysis to the regions
of interest selected using GSP.

1) High Frequency: The correlation matrices derived from
the time windows of the high frequency components of the
BOLD signal in ROIs H1−H5 (Table I) for all subjects were
pooled together for k-means clustering. Based on the silhouette
or the Calinski-Harabasz criteria, the optimal number of clusters
was determined to be 7 and 2, respectively. The robustness of
the two criteria with respect to the size of the data is discussed in
Appendix B. Fig. 8 shows the different states identified based on
the dynamic connectivity analysis when the number of clusters is
set to 2. The corresponding results for the dynamic connectivity
analysis of 7 clusters are presented in Appendix D.

Note that in state 1 in Fig. 8, the high frequency components
from ROIs H1−H3 are highly correlated with each other while
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Fig. 9. Transition matrices for a Markov chain based on high graph frequency
connectivity states in Fig. 8.

Fig. 10. Mean ORs in the states identified in Fig. 8 for healthy controls and
former athletes. Pairs of significantly different ORs between the two groups
(Mann-Whitney U test, p-value < 0.05) are marked by an asterisk. The asterisk
placed between the blue bar (healthy controls) and red bar (former athletes) for
a state indicates that the OR for that state was statistically different for the two
groups. Exact p-value is reported in Fig. 8.

being strongly anti-correlated with the high frequency compo-
nents of the ROIs H4 and H5. This behavior is also observed
in state 1 in Fig. 19 in Appendix D where these two states
are distinguished by the correlation behavior between the high
frequency BOLD signal components for ROIs H4 (�-precuneus)
and H5 (�-insula). This behavior of the high frequency compo-
nents of the BOLD time series is not apparent from a general
fMRI based dynamic functional connectivity analysis because
the higher concentration of lower graph frequency components
occlude the effects of the higher graph frequency components
in the BOLD time series (see Appendix A for detailed results).

Fig. 9 illustrates the transition matrices for the two state
Markov chain formed by states in Fig. 8. Note that the healthy
controls tend to stay in state 1 or transition from state 2 to
state 1 more frequently as compared to former athletes. This
observation is also reflected in the occupancy ratios in Fig. 10
where it is observed that the high frequency functional connec-
tivity for healthy controls dwells longer in state 1 as compared
to that for former athletes. Furthermore, the effect size for the
Mann-Whitney U test on the OR for the two states in Fig. 10
is 0.476, which indicates a very significant variation in ORs
across the two groups of subjects [64]. In addition, the OR in
state 1 was significantly higher than that for state 2 for healthy
controls (Mann-Whitney U test: p- value < 9× 10−8, effect
size = 0.596). In contrast, we did not find significant variation
between the ORs in state 1 and state 2 for former athletes (Mann-
Whitney U test: p-value > 0.9, effect size < 0.01) or for the

Fig. 11. ROI low graph frequency connectivity states identified based on k-
means clustering with 2 clusters. p-values correspond to Mann-Whitney U test
on the OR for variation between the two groups of subjects.

combined cohort consisting of the two groups (Mann-Whitney
U test: p-value > 0.2, effect size = 0.136).

In this section, we focused on the results corresponding to
2 clusters. We also observed that the results presented in this
section were robust with respect to the number of ROIs used in
the analysis as well as the addition of other brain regions. See
Appendix C for more details.

2) Low Frequency: We performed the dynamic analysis
based on the low graph frequency components of the BOLD
signals from the ROIs L1−L8 (Table II). Based on the silhouette
or the Calinski-Harabasz criteria, the optimal number of clusters
was determined to be 2 and 3, respectively. In this section, we
focus on the results corresponding to two clusters. The results
for three clusters are included in Appendix E. Fig. 11 shows
the different states identified based on the dynamic connectivity
analysis when the number of clusters is set to 2.

Note that state 1 in Fig. 11 represents the highly correlated
low frequency functional connectivity across the 8 ROIs. Since
the low graph frequency filter isolates the spatially smooth com-
ponents of the BOLD time series over the graph, the presence of
this state is expected. Similarly, we observe a highly correlated
state (State 1) in Fig. 22 when the dynamic connectivity analysis
is performed for 3 states.

Fig. 12 shows the mean occupancy ratios for healthy controls
and former athletes for the two state Markov chain formed by
the states in Fig. 11. Note that for both groups of subjects, the
low frequency functional connectivity based on ROIs L1−L8

tends to stay in state 1 significantly more frequently as compared
to state 2 (Mann-Whitney U test: p-value < 4× 10−25, effect
size = 1.224). This is expected because low pass graph filter
isolates the components of the graph signal (in this case, BOLD
signal) that are driven by the edge connectivity of the graph.
However, the comparison of occupancy ratios for state 1 for
the two groups using Mann-Whitney U test suggests that the
low graph frequency functional connectivity for healthy controls
spends significantly more time in the highly correlated state 1 as
compared to that for former athletes (p− value = 0.0357, effect
size = 0.24). We also observed that the results presented in this
section were robust with respect to the number of ROIs used in
the analysis as well as the addition of other brain regions. See
the supplementary file for more details.
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Fig. 12. Mean ORs in the states identified in Fig. 11 for healthy controls and
former athletes. Pairs of significantly different ORs between the two groups
(Mann-Whitney U test, p-value < 0.05) are marked by an asterisk. The asterisk
placed between the blue bar (healthy controls) and red bar (former athletes)
for a state indicates that the OR for that state was statistically different for the
two groups. Exact p-value is reported in Fig. 10. Both groups of subjects had a
significantly higher OR in State 1 as compared to State 2 (marked by the asterisk
between the two states).

V. DISCUSSION

The results in Section IV summarized the different recurring
graph frequency based functional connectivity states and the
comparison of their respective ORs between former athletes
and healthy controls. To the best of our knowledge, the use of
high/low graph frequency components for dynamic connectivity
analysis is novel. Our results showed that the fractions of the
time spent in some states over the scan length were significantly
different for the two groups of subjects. Therefore, the results
indicate that the features could be used to discriminate between
healthy subjects and former athletes.

We also briefly discuss the results presented in Section IV
from the anatomical and clinical perspective. Using the high
graph frequency and low graph frequency analysis, 13 cortical
brain regions were selected as ROIs. Notably, only one cortical
region (superior parietal in left hemisphere) was selected as an
ROI from the analysis of both the low graph frequency and
the high graph frequency components of the BOLD signal. In
general, the individuals with a history of multiple concussions
are vulnerable to cognitive impairments linked with irritability,
aggression, anxiety, and depression [70]. Furthermore, the re-
gions in the frontal and temporal lobes are more vulnerable to
injury due to their location [71]. In this context, the brain regions
selected as ROIs in this paper are relevant. The regions insula
and precuneus have been linked with anxiety disorders [72], hip-
pocampus and entorhinal with depression [73], and postcentral,
supramarginal and para hippocampal with panic disorders [74].
Therefore, it is of interest to investigate if the features isolated in
this paper correlate with behavioral metrics of former athletes.
These observations also raise the question whether the states
isolated in the dynamic connectivity analysis are indicative of
vulnerabilities of the human brain to cognitive impairments.

Furthermore, the ROIs in this paper have also been isolated
as affected brain regions in the existing studies on TBI and
its neurocognitive effects [75]–[80]. The regions in inferior
frontal gyrus have been previously identified as regions with

altered functional connectivity in the studies on athletes with
a history of concussions [75], [76]. Precuneus was identified
as a region of interest based on the structural and functional
connectivity analysis in [76], [77]. Significant reduction in white
matter volume of isthmus cingulate for subjects with mTBI was
reported in [78] and correlated with neurocognitive metrics on
anxiety and depression. �-superior parietal was identified as a
region of interest based on the analysis of fMRI and working
memory performance in [79]. Limbic regions were identified
as the focal points of study of cognitive dysfunction due to
TBI in [80]. The progression of the neurocognitive problems
in subjects with TBI to neurodegenrative diseases, e.g. chronic
traumatic encephalopathy (CTE), is another direction of re-
search [81]–[83]. The regions �-supramarginal, �-postcentral,
and �-precuneus have also been identified as regions of interest
showing alterations in the existing studies on CTE [84]–[86].

Next we comment on the perpetual and a few transitional
functional relationships among different cortical brain regions
based on the analysis of the high graph frequency functional
connectivity states in Fig. 8 and those in Fig. 19 in Appendix D
based on 7 clusters, and the low graph frequency functional
connectivity states in Fig. 11 and those in Fig. 22 in Appendix E.

The high graph frequency components of the BOLD signal in
the regions �-entorhinal (H1) and �-isthmus cingulate (H2) in the
limbic lobe and �-superior parietal (H3) in the parietal lobe have
high positive correlation in state 1 in Fig. 8 and states 1 and 3 in
Fig. 19. From Fig. 10 and Fig. 21, we conclude that the highly
correlated behavior among the regions H1−H3 that characterizes
these states is more frequent in healthy controls than former ath-
letes. In contrast, �-superior parietal (H3) has positive high graph
frequency functional connectivity with �-isthmus cingulate (H2)
and negative high graph frequency functional connectivity with
�-entorhinal (H1) in state 2 in Fig. 8 and states 6 and 7 in
Fig. 19.

The high graph frequency components of the BOLD signals
from the regions �-superior parietal (H3) and �−precuneus (H4)
in the parietal lobe are anti-correlated across both states in Fig. 8
and states 1, 3, 5, 6 and 7 in Fig. 19. The high graph frequency
components of the BOLD signal from �-insula (H5) were anti-
correlated with that from �-entorhinal (H1) in states 1 and 2 in
Fig. 8 and states 1, 2, 4, 5, and 7 in Fig. 19. The anti-correlation
behavior among the regions H1−H5 is not as distinctly observed
in the dynamic connectivity analysis of unfiltered fMRI (see
Appendix A).

The regions r-pars opercularis (L6) and r-pars triangularis (L7)
in the inferior frontal gyrus of the frontal lobe were selected as
ROIs based on low graph frequency dynamic functional connec-
tivity analysis. Also, the low graph frequency components of the
BOLD signals from both regions were significantly correlated
across all isolated states in Fig. 11 and Fig. 22.

r-pericalcarine (L5) was the only region in the occipital lobe
that was selected as an ROI. Note that in the state 2 in Fig. 11
and state 2 in Fig. 22, the low graph frequency component of the
BOLD signal from r-pericalcarine (L5) was almost uncorrelated
with that from the regions in the inferior frontal gyrus (L6 and
L7). This uncorrelated behavior was observed more frequently
in former athletes than healthy controls (Fig. 12 and Fig. 24).
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Postcentral in the parietal lobe was selected as an ROI in both
brain hemispheres. It is interesting to note that �-postcentral (L3)
and r-postcentral (L8) had distinct characteristics across the iso-
lated states in Fig. 11 and Fig. 22. The regions �-supramarginal
(L1) and �-superior parietal (L4) in the parietal lobe in the left
hemisphere had high positive correlation with �-postcentral (L3)
across all states in Fig. 11 and Fig. 22. On the other hand, the
low graph frequency functional connectivity for r-postcentral
(L8) had a weaker correlation with that from �-supramarginal
(L1), and �-superior parietal (L4) as compared to that between
�-postcentral (L3) and these regions in state 3 in Fig. 22. The low
graph frequency component of the BOLD signal from �-para
hippocampal (L2) had high positive correlation with that from
�-supramarginal (L1) and �-superior parietal (L4) in the parietal
lobe across all states in Fig. 11 and Fig. 22.

VI. CONCLUSION

We have applied a multimodal dynamic functional connec-
tivity framework to analyze the brain imaging data collected
from a population of former athletes with a history of multiple
concussions and healthy controls with no reported history of
concussion. The brain regions with non trivial statistical varia-
tions in the high/low graph frequency components of the BOLD
signal in former athletes and healthy controls have been selected
as regions of interest. A sliding window dynamic connectivity
analysis approach has been applied on the graph filtered BOLD
signal from the regions of interest and different functional con-
nectivity states have been determined. Significantly different
dwell times for healthy controls and former athletes were ob-
served for multiple functional connectivity states. The structure
of the functional connectivity states have been studied and
elaborated on from the anatomical perspective. A brief review
of existing clinical studies on TBI has revealed that the ROIs
identified in this paper correlate with cognitive dysfunction,
task-related performance and neurodegeneration.

ACKNOWLEDGMENT

The authors are are indebted to Sushmita Allam for helpful
discussions on the statistical assessments.

APPENDIX A
UNIMODAL DYNAMIC CONNECTIVITY ANALYSIS

OF REGIONS H1−H5

We used the unfiltered fMRI BOLD time series for the uni-
modal dynamic connectivity analysis. Based on the Calinski-
Harabasz or the silhouette criteria, the optimal number of clus-
ters were determined to be 2 and 4, respectively.

Figs. 13 and 15 illustrate the dynamic connectivity states
identified using unimodal dynamic connectivity analysis where
the number of clusters in k-means clustering step was set to 2
and 4, respectively.

Note that the state 1 in Fig. 13 and state 4 in Fig. 15 are
qualitatively similar, i.e., the ROIs H1−H5 are comparatively
more functionally co-activated as compared to the other isolated
states. We tablulate the main observations from the comparison
of the results in this section and Section IV-B1.

Fig. 13. ROI functional connectivity states identified without the application
of graph frequency filter on BOLD signal. The number of clusters in k-means
was set to 2.

Fig. 14. Mean ORs in the states identified in Fig. 13 for healthy controls and
former athletes. Pairs of significantly different ORs between the two groups
(Mann-Whitney U test, p-value < 0.05) are marked by an asterisk. The asterisk
placed between the blue bar (healthy controls) and red bar (former athletes) for
a state indicates that the OR for that state was statistically different for the two
groups.

Fig. 15. ROI functional connectivity states identified without the application
of graph frequency filter on BOLD signal. The number of clusters in k-means
was set to 4.

1) The analysis of OR in Fig. 14 and Fig. 16 reveals that the
healthy controls tend to stay longer in this highly corre-
lated state as compared to former athletes. This behavior,
although similar to the one observed in the analysis of low
frequency based ROIs L1−L8, is not corroborated by the
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Fig. 16. Mean ORs in the states identified in Fig. 15 for healthy controls and
former athletes. Pairs of significantly different ORs between the two groups
(Mann-Whitney U test, p-value < 0.05) are marked by an asterisk. The asterisk
placed between the blue bar (healthy controls) and red bar (former athletes) for
a state indicates that the OR for that state was statistically different for the two
groups.

analysis of the low graph frequency components of the
BOLD signal from the regions H1−H5.

2) Note that although the functional connectivity varies sig-
nificantly across the states 1-4 in Fig. 15, we do not observe
the highly anti-correlated behavior among different brain
regions revealed in the analysis of the high frequency
BOLD signal in Section IV-B1.

Both the observations listed above suggest that GSP based
multimodal dynamic connectivity analysis of the BOLD signal
helps amplify the differences in the functional connectivity
between the two groups of subjects and also isolate the unique
functional connectivity behavior that may not be evident from
the unimodal dynamic connectivity analysis.

APPENDIX B
ROBUSTNESS OF CALINKSI-HARABASZ AND SILHOUETTE

CRITERIA FOR HIGH GRAPH FREQUENCY COMPONENTS

To check the robustness of the optimal number of clusters
for the two criteria, we evaluated the optimal number of clus-
ters for random instances of smaller sized data. Note that the
complete data consisted of 2268 correlation matrices (81 sub-
jects, 28 correlation matrices per subject) that were clustered
using k-means algorithm. We evaluated the silhouette and the
Calinski-Harabasz criteria for 100 random selections of 1200,
1400, 1600, 1800 or 2200 correlation matrices.

Note that the silhouette criterion quantifies the similarity of
the items with their assigned cluster with respect to the items
from any other cluster. Therefore, the optimal number of clusters
based on the silhouette criterion is determined by the highest
observed silhouette index. Fig. 17 illustrates the variation of
silhouette index with the number of clusters for different sizes
of the data used for k-means clustering. We consistently observe
the maxima of the silhouette index at k = 7 which indicates that
the optimal number of clusters selected based on the complete
data is robust.

We run similar analysis to check the robustness of the optimal
number of clusters obtained based on the Calinski-Harabasz
criterion. Note that the index for the Calinski-Harabasz criterion

Fig. 17. Silhouette index vs number of clusters for different data size. The
silhouette indices for any data size < 2268 are determined by averaging over
100 random selections of the data samples of the given size.

Fig. 18. Calinski-Harabasz index vs number of clusters for different data size.
The silhouette indices for any data size < 2268 are determined by averaging
over 100 random selections of the data samples of the given size.

depends on the ratio of the overall between cluster variance,
i.e., the sum of variances of the items in different clusters,
and the overall within cluster variance, i.e., the sum of the
variances of the items assigned to the same clusters. Therefore,
the optimal number of clusters based on the Calinski-Harabasz
criterion correspond to the highest Calinski-Harabasz index.
Fig. 18 illustrates the variation of Calinski-Harabasz index with
the number of clusters for different sizes of the data used for
k-means clustering. We consistently observe the maxima of
the index at k = 2 which indicates that the optimal number of
clusters selected based on the complete data is robust.

APPENDIX C
ROBUSTNESS OF DYNAMIC CONNECTIVITY

RESULTS FOR H1−H5

We checked the robustness of the dynamic connectivity anal-
ysis results against the number of ROIs used in the analysis
and addition of other brain regions. Here we list the results
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TABLE III
p-VALUES FOR MANN-WHITNEY U TEST BETWEEN THE ORS FOR 4 ROIS

FROM H1−H5

TABLE IV
p-VALUES FOR MANN-WHITNEY U TEST BETWEEN THE ORS FOR 3 ROIS

FROM H1−H5

establishing the robustness of the dynamic connectivity analysis
based on 2 states for ROIs H1−H5.

a) Robustness against less number of regions: Tables III
and IV list the p-values of the Mann-Whitney U tests on
the ORs for healthy subjects and former athletes evaluated
by different permutations of 4 and 3 ROIs, respectively.
Clearly, the results obtained by using different combina-
tions of 3 or 4 ROIs are statistically significant (p-value
< 0.05) which indicates the robustness of the dynamic
connectivity analysis with respect to the selection of ROIs.

b) Robustness against additional brain regions: Next, we
evaluated the robustness of the dynamic connectivity anal-
ysis results against the use of 1 or 2 brain regions in addition
to the selected ROIs. For all 61 brain regions that were not
ROIs H1−H5, we evaluated the statistical significance of
the dynamic connectivity analysis results after adding their
respective high graph frequency components to the analysis
one at a time or two at a time. For the addition of one brain
region to the ROIs for dynamic connectivity analysis, we
observed that the results were statistically significant at
the level of p-value < 0.05 for 59 brain regions, at the
level of p-value < 10−3 for 49 brain regions, and at the
level of p-value < 10−5 for 21 brain regions. The dynamic
connectivity results were not statistically significant (p-
value > 0.05) for the ROIs and an additional brain region
which was either �-posterior cingulate or �-rostral anterior
cingulate.
We also evaluated the statistical significance of the dynamic
connectivity analysis results for ROIs and two additional
brain regions. The two additional brain regions could be
selected in

(
61
2

)
= 1830 number of ways. Our experiments

revealed that the results for dynamic connectivity analysis
in terms of the comparison of OR between the two groups
were statistically significant at the level of p-value < 0.05

Fig. 19. ROI high graph frequency connectivity states identified based on
k-means clustering with 7 clusters. p-values correspond to Mann-Whitney U test
on the OR for variation between the two groups of subjects and were corrected
for multiple comparisons [87].

for 1676 pairs (91.58% of 1830). Therefore, our experi-
ments illustrate that the results for the dynamic connec-
tivity analysis for the ROIs selected using graph filtering
operations were robust to the selection of additional 1 or 2
brain regions.

APPENDIX D
DYNAMIC CONNECTIVITY ANALYSIS FOR HIGH GRAPH

FREQUENCY COMPONENTS WITH 7 CLUSTERS

Fig. 19 shows the different states identified based on the
dynamic connectivity analysis when the number of clusters is set
to 7. Fig. 20 illustrates the transition matrices for the 7 state
Markov chain formed by states in Fig. 19 and their respective
p-values for the Mann-Whitney U test on the ORs for the two
groups. The p-values reported in Fig. 20 were corrected for
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Fig. 20. Transition matrices for a Markov chain based on 7 high graph
frequency connectivity states in Fig. 19.

Fig. 21. Mean ORs in the states identified in Fig. 19 for healthy controls and
former athletes. Pairs of significantly different ORs between the two groups
(Mann-Whitney U test, p-value < 0.05) are marked by an asterisk. Exact p-
values are reported in Fig. 19. Significance tests for differences between the
ORs for individual states were not performed.

multiple comparison using false discovery rate method [87].
Note that the healthy controls tend to stay in state 1 or transition
from other states to state 1 more frequently as compared to for-
mer athletes. This observation is also reflected in the occupancy
ratios in Fig. 21 where it is observed that the high frequency
functional connectivity for healthy controls dwells longer in
state 1 as compared to that for former athletes. The effect sizes
for the Mann-Whitney U test on the ORs for state 1, state 3,
and state 4 in Fig. 21 are −0.595, 0.248, and 0.43, respectively,
indicating a significant variation in ORs across the two groups of
subjects [64]. Note that a negative effect size for the comparison
of the OR for a particular state between the two groups indicates
that the healthy controls have a significantly higher OR in that
state as compared to that for former athletes.

APPENDIX E
DYNAMIC CONNECTIVITY ANALYSIS WITH 3 CLUSTERS FOR

LOW GRAPH FREQUENCY COMPONENTS FROM ROIS

Fig. 22 shows the different states identified based on the
dynamic connectivity analysis when the number of clusters is
set to 3. State 1 in Fig. 22 represents the highly correlated low
frequency functional connectivity across the 8 ROIs which is
similar to state 1 in Fig. 11. Fig. 23 illustrates the transition
matrices for the two groups of subjects with respect to a Markov
chain formed by the states in Fig. 22. Fig. 24 shows that the
highly correlated state 1 in Fig. 22 has a significantly lower OR
(p-value < 0.05, effect size = −0.284) for former athletes as

Fig. 22. ROI low graph frequency connectivity states identified based on k-
means clustering with 3 clusters. p-values correspond to Mann-Whitney U test
on the OR for variation between the two groups of subjects and were corrected
for multiple comparisons [87].

Fig. 23. Transition matrices for a Markov chain based on 3 low graph fre-
quency connectivity states in Fig. 22.

compared to healthy controls. This observation is in line with
the observations based on the analysis of the 2 state Markov
chain formed by the states in Fig. 11. Clearly, the low frequency
components of the BOLD signal for the ROIs are characterized
by less frequent highly correlated states in former athletes as
compared to healthy controls.
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Fig. 24. Mean ORs in the states identified in Fig. 22 for healthy controls and
former athletes. Pairs of significantly different ORs between the two groups
(Mann-Whitney U test, p-value < 0.05) are marked by an asterisk. Significance
tests for differences between the ORs for individual states were not performed.
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