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How do functional brain networks emerge from the underlying wiring of the brain? We examine how resting-
state functional activation patterns emerge from the underlying connectivity and length of white matter fibers
that constitute its “structural connectome”. By introducing realistic signal transmission delays along fiber projec-
tions, we obtain a complex-valued graph Laplacian matrix that depends on two parameters: coupling strength and
oscillation frequency. This complex Laplacian admits a complex-valued eigen-basis in the frequency domain that
is highly tunable and capable of reproducing the spatial patterns of canonical functional networks without requir-
ing any detailed neural activity modeling. Specific canonical functional networks can be predicted using linear
superposition of small subsets of complex eigenmodes. Using a novel parameter inference procedure we show
that the complex Laplacian outperforms the real-valued Laplacian in predicting functional networks. The com-
plex Laplacian eigenmodes therefore constitute a tunable yet parsimonious substrate on which a rich repertoire
of realistic functional patterns can emerge. Although brain activity is governed by highly complex nonlinear pro-
cesses and dense connections, our work suggests that simple extensions of linear models to the complex domain

effectively approximate rich macroscopic spatial patterns observable on BOLD fMRI.

1. Introduction

The exploration of structure and function relationships is a funda-
mental scientific inquiry at all levels of biological organization, and
the structure-function relationship of the brain is of immense interest
in neuroscience. Attempts at mathematical formulations of neuronal
activity began with describing currents traveling through a neuron’s
membranes and being charged via ion channels (Hodgkin and Hux-
ley, 1952). Recently, the focus of computational models have expanded
from small populations of neurons to macroscale brain networks, which
are now available via diffusion-weighted and functional magnetic res-
onance imaging (dMRI and fMRI) (Bullmore and Sporns, 2009). Us-
ing computational tractography on dMRI images, detailed whole brain
white-matter tracts, and their connectivity can be obtained, to yield
the brain’s structural connectivity (SC). Using correlated activation pat-
terns over time in fMRI data reveals functional connectivity (FC) with
high spatial resolution. Such high resolution images of the brain also al-
lowed neuroscientists to label the brain according to anatomical or func-
tional regions of interest (ROIs) (Craddock et al., 2012; Desikan et al.,
2006). Subsequently, efforts in graph-theoretic modeling have emerged
as an effective computational tool to study the brain’s SC-FC relationship
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based on the parcellated brains: ROIs become nodes and connectivity
strengths become edges on the graph, while dynamical systems describ-
ing neuronal activity are played out on this graph structure (Bassett and
Bullmore, 2009; Bullmore and Sporns, 2009; Cao et al., 2014).

Diverse graph based methods have been employed to relate the
brain’s SC to FC. Particularly, perturbations and evolution of the struc-
tural and functional networks have been investigated using both graph
theoretical statistics (Bassett and Bullmore, 2006; Brunel and Brunel,
2000; Brunel and Wang, 2001; Buckner, 2005; Chatterjee and Sinha,
2008; He et al., 2008; Suarez et al., 2020) as well as network controlla-
bility (Gu et al., 2015; Muldoon et al., 2016). Structurally informed mod-
els use graphical representations of the brain’s connections to couple
anatomically connected neuronal assemblies (El Boustani and Destexhe,
2009; Wilson and Cowan, 1972), numerical simulations of such neural
mass models (NMMs) provides an approximation of the brain’s local and
global activities, and are able to achieve moderate correlation between
simulated and empirical FC (Honey et al., 2009; Jirsa and Haken, 1997;
Nunez, 1974; Spiegler and Jirsa, 2013; Valdes et al., 1999). However,
approximations through stochastic simulations are unable to provide a
closed form solution and inherits interpretational challenges since dy-
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namics is only obtained from iterative optimizations of high dimensional
NMM parameters.

An emergent field of work have suggested low-dimensional processes
involving diffusion or random walks on the structural graph as a simple
means of simulating FC from SC. These simpler models are equally if not
more successful at simulating fMRI FC patterns (Abdelnour et al., 2014;
Atasoy et al., 2016) as well as MEG oscillatory patterns (Raj et al., 2020;
Tewarie et al., 2019) than conventional NMMs. Lastly, these simpler
graph diffusion models, which naturally employ the Laplacian of SC,
have been generalized to yield spectral graph models whereby Lapla-
cian eigen-spectra were sufficient to reproduce functional patterns of
brain activity, using only a few eigenmodes (Abdelnour et al., 2018;
Atasoy et al., 2016; Raj et al., 2020). Thus, a Laplacian matrix represen-
tation of a network can be used to find characteristic properties of the
network (Stewart, 1999), and its eigenmodes (or spectral basis) are the
ortho-normal basis that represent particular patterns on the network.
Such spectral graph models are computationally attractive due to low-
dimensionality and more interpretable analytical solutions.

The SC’s Laplacian eigenmodes are therefore emerging as the sub-
strate on which functional patterns of the brain are thought to be
established via almost any reasonable process of network transmis-
sion (Abdelnour et al., 2018; Atasoy et al., 2016; Robinson et al.,
2016), and metrics quantifying structural eigenmode coupling strength
to functional patterns were also recently introduced (Preti and Van
De Ville, 2019). These works mainly focused on replicating canoni-
cal functional networks (CFNs), which are stable large scale circuits
made up of functionally distinct ROIs distributed across the cortex that
were extracted by clustering a large fMRI dataset (Yeo et al., 2011). In
(Yeo et al., 2011) seven CFNs (these are spatial patterns, not to be con-
fused for the entire network of graph of the connectome) were identified.
Hence recent graph modeling work has attempted to address whether
these canonical patterns can emerge by only looking at the structural
connectivity information of the brain.

Although spectral graph models have been reasonably successful,
they leave several important gaps. First, they accommodate only pas-
sive spread, hence are incapable of producing oscillating or traveling
phenomena, which are critical properties of brain functional activity.
Second, they do not incorporate path delays caused by finite axonal con-
ductance speed of activity propagating through brain networks. Third,
they are capable of reproducing only deterministic and steady-state fea-
tures of empirical brain activity, giving a single predicted FC for a given
SC. Hence these models cannot easily explain the substantial variabil-
ity observed amongst individuals, as well as between different record-
ing session of the same individual. This suggests that simplistic spectral
graph models will need to be augmented with a set of richer time- or
individual-varying features or parameters in order to make them more
realistic. Unfortunately, this is a goal that is at variance with the key
attraction of these methods - their parsimony and low-dimensionality.

In this study we propose a novel spectral graph approach that is
able to produce a far richer range of functional activity and dynamics
without compromising on the simplicity and parsimony of the spectral
graph model. We hypothesise that the introduction of realistic path de-
lays and axonal conductance speeds can allow graph spectra to display
the kinds of pattern-richness observed in real data. Hence we utilize both
the SC connectivity strength matrix as measured by white-matter fiber
tract density, as well as the distance matrix as measured by the average
white-matter fiber tract distance between pairs of ROIs. We show that
the additional distance information allows for examining of network
dynamics in the complex domain in terms of a novel complex-valued
Laplacian. This approach involves only global model parameters, which
between them accommodate a rich diversity of spatiotemporal patterns
that are capable of closely reproducing the diversity of spatial patterning
seen across a large number of healthy subjects. Through this minimal-
ist complex diffusion model, the characteristic patterns of signal spread
described by corresponding complex-valued eigen-spectra can be tuned
to exhibit activation patterns resembling human CFNs. We show that
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the complex approach significantly and consistently exceeds the per-
formance of existing works relating real-valued SC Laplacian’s eigen-
spectra to measured FC (Abdelnour et al., 2018; Atasoy et al., 2016;
Honey et al., 2009; Preti and Van De Ville, 2019). The introduction of
the complex-valued Laplacian and accompanying complex graph diffu-
sion may be an important contribution to the emerging literature on
graph models of brain activity, and furthers our understanding of the
structure-function relationship in the human brain.

We begin with a general theory of complex graph diffusion incor-
porating path delays, leading to the emergence of the complex-valued
Laplacian. Then we present detailed statistical analysis showing the abil-
ity of complex eigenmodes to be tuned by model parameters and repro-
ducing CFNs. We present comparison with the current approach of using
real-valued eigenmodes, followed by a detailed Discussion.

2. Theory

Notation In our notation, vectors and matrices are represented in
bold, and scalars by normal font. We denote frequency of a signal, in
Hertz (Hz), by symbol f, and the corresponding angular frequency as
o = 2z f. The structural connectivity matrix is denoted by C = ¢, ,,, con-
sisting of connection strength ¢, , between any two pairs of brain regions
I and m.

2.1. Network diffusion of brain activity

For an undirected, weighted graph representation of the structural
network ¢, ,,, we model the average neuronal activation rate for the /th
region as x,;(1):

dx, (1)
dt

—mmm—anmxo )+ pi(0) )
I1#m

where we have a mean firing rate equation at the mth region controlled
by an inverse of the common characteristic time constant g, and input
signals from the /th regions connected to region m are scaled by the
connection strengths from ¢, , and delayed byt — z) ,. The term 7}, | is the
delay in seconds obtained from the distance adjacency matrix deﬁned by

v = Dy

i , with v representing the conductance speed in the brain’s SC
network The global coupling parameter a acts as a controller of weights
given to long-range white-matter connections.

The delays between connected brain regions turn into phase shifts
in the frequency profiles of the oscillating signals. Thus we obtain the
following Fourier transforms from (1): M - joX(w), x(t - r" )=

—jot¥

ml X (), and the oscillatory frequency ® =2z f. Applying the hsted
Fourler transforms to (1) we can obtain the following:

joX(w) = —ﬂ<X,(a)) -a Z i X (@) €xp —jr,,

,>+m@) @
m#l

We then define a complex connectivity matrix as a function of angu-
lar frequency w as C*() = ¢, exp —jwr) . Therefore, a structural con-

nectivity matrix whose nodes are normahzed by deg,, = Y, ¢, at fre-
quency w can be expressed as:
. 1 *
Clw) = dzag(d?)c () 3
2

Replacing the connectivity term in (2) with (3) and adjusting all vec-
tor notations into matrix notation, we derive the following equations for
network level activity in the frequency domain:

joX(®) = —f(X(0) - aX(0)C()) + P(o) “

X(w)(joI + I — aC(w))) = P(w) ()
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2.2. Complex Laplacian matrix

Our goal is to examine the characteristic patterns of diffusion re-
vealed by the structural network’s normalized Laplacian matrix. Here,
we make use of (3) to introduce a complex Laplacian matrix that ab-
sorbs the network properties of both the structural connectivity matrix
as well as the distance adjacency matrix. By substituting the complex
Laplacian matrix and rebalancing (5), we obtain a closed-form solution
for X (w):

X(@) = (joI + pL(a, k)™ P(w) )

In this closed-form solution, we defined a complex Laplacian matrix
L as a function of global coupling strength « and wave number k, which
facilitates the dynamics and frequency profiles observed on the brain’s
connectome. Since frequency w and transmission speed v always occur
as a ratio, we define the wave number k = %’ The wave number rep-
resents the spatial frequency of any propagating wave, describing the
amount of oscillations per unit distance traveled (French, 1971). Then
the complex Laplacian matrix £ has the form:

L(a,k) =1 —aC*(k) )
where I is the identity matrix and C*(k) is the complex connectivity
matrix as defined above. While (3) indicates that the propagating signals

in the network is governed by £, the complex Laplacian of the network
describes the characteristic patterns of signal spread in a network, and

Eigenmode 1
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Laplacian

Complex

Laplacian
a=1.0
k=01
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Eigenmode U,

Fig. 1. The analysis overview. Structural connec-
tivity matrix (C) and distance adjacency matrix
(D) were extracted from diffusion MRI derived
tractograms, to construct the complex Laplacian
of the brain’s structural network. An eigen de-
composition on the network’s complex Lapla-
Canonical Functional Network (y) . .
et Y, Sl cian (£) was performed obtain complex structural
( v eigenmodes of the brain (U). The spatial sim-
ilarities were computed between the structural
eigenmodes and canonical functional networks in
fMRI. Here, as an example, we show brain ren-
dering of the leading eigenmode from the HCP
template structural connectome (right column,
top) and the canonical visual functional network
(right column, bottom).

compare similarity

we can obtain these spatial patterns via the decomposition:

N
Ll k) =Y u,(@ k)4, kul (@, k) ®)
n=1

where ,(a, k) are the eigenvalues of the complex Laplacian matrix and
u,(a, k)’s are the complex eigenmodes of the complex Laplacian matrix.
Here, the entries of the complex Laplace eigenmodes represent the rela-
tive amount of activation in each parcellated brain region as controlled
by global coupling and wave number parameters. For an overview of the
complex Laplacian eigeenmode implementation please refer to Fig. 1.

3. Results
3.1. Structural connectivity based functional activation patterns

We use the HCP template connectome to demonstrate the wide range
of spatial activity patterns achievable by the eigenmodes of the complex
Laplacian matrix. The top row of Fig. 2 shows three exemplary real-
valued structural eigenmodes (« = 1) without frequency and transmis-
sion speed tuning. Consistent with previous works, we see the Laplace
eigenmodes of the human structural connectome display a wide range
of cortical activity patterns (Abdelnour et al., 2018; Atasoy et al., 2016).
As a comparison, we show in the next row complex Laplace eigenmodes
with low wave number (k = 0.1), representing a network with extremely
high transmission speed or near zero delay. In such a low delay network,
the complex Laplace eigenmdoes closely resemble the spatial patterns
seen in real-valued Laplace eigenmodes where delays are not a factor in

Eigenmode 3

Fig. 2. Complex Laplacian eigenmode for different parameter choices. Three representative eigenmodes decomposed from the complex Laplacian with different tuning
parameters and three representative eigenmodes decomposed from the real-valued Laplacian without transmission speed and distance delay properties are shown.
The top row shows brain renderings of the real Laplacian eigenmodes with coupling strength a = 1. Complex Laplacian eigenmodes with high transmission speed
approaches extremely small wave number or delays in the network (« = 1, k = 0.1), closely resembles the real Laplacian eigenmodes (second row). Complex Laplacian
eigenmodes with higher wave numbers with parameters (a« = 1, k = 30) and (a = 5, k = 30) are respectively shown in the third and fourth rows, demonstrating that

parameter choice control the spatial distribution of structural eigenmodes.
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Fig. 3. Canonical functional networks reproduced by structural eigenmodes. A) Brain renderings of the seven canonical functional networks are shown in the left
column. Individual structural eigenmodes with the highest spatial correlation to each functional network, after parameter optimization, are shown in the middle
column. After ranking all structural eigenmodes by highest spatial correlation, a linear combination of the top ten best performing eigenmodes are shown in the
right column. Parameter values producing the best spatial matches to each canonical functional network are listed in the right column and applies to all eigenmodes.
B) Top 10 best fitted structural eigenmodes and canonical functional network comparisons shown in scatter plots with linear regression line and 95% confidence

interval.

the network. We also show two additional examples of complex Laplace
eigenmodes with higher wave number values, emphasizing the impact
of transmission speed and delays in the structural network of the brain.
The combination of coupling strength and wave number global param-
eters enables a richer diversity of spatial cortical patterns, with left and
right hemisphere specific activations around the dorsal-caudal brain re-
gions. Despite the increase in model complexity, our approach allows
a feature-rich graph theoretics approach to directly infer resting state
functional brain patterns from the structural graph of the brain.

3.2. Eigenmodes of the complex Laplacian resemble CFN activation
patterns

We re-assigned the voxel-wise parcellations of the seven CFNs from
Yeo et al. (2011) to brain regions from the Desikan—Killiany atlas

(Fig. 3A, left column), this re-sampling of the parcellations allow spatial
pattern comparisons of equal dimensions against our structural connec-
tomes and Laplace eigenmodes. The middle column of Fig. 3A shows
best matching complex Laplace eigenmodes after optimization of the
global parameters with the HCP template connectome to each CFN. In
addition to displaying the best-performing eigenmode in each case, we
further ranked the eigenmodes according to their spatial correlation val-
ues and displayed the best weighted linear combination of the top 10
complex Laplace eigenmodes on the right column of Fig. 3A, the cor-
responding scatter plots showing linear regression fits with 95% con-
fidence intervals are shown in Fig. 3B. Spatial similarity metrics such
as Dice score and Jaccard index were also explored, but such metrics
require comparison between binary partitions on images, and are ex-
tremely sensitive to the thresholding scheme used for binarizing data.
Nonetheless, we found model parameters optimized by the Dice coef-
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ficient display similar results as spatial correlation metrics (Figure S3).
The spatial correlation values of the best performing eigenmode, and
details of cumulative combinations of eigenmodes are reported below
and in Fig. 6. We observe that CFN patterns emerge when parameters,
optimized for each network, are applied to the complex Laplacian. Only
a few structural eigenmodes are required to capture a specific functional
network.

3.3. Parameter tuning of complex Laplacian eigenmodes

To examine the sensitivity of our eigenmodes to our complex Lapla-
cian parameters, we first computed spatial correlation values for the all
eigenmodes for each CFN across the entire parameter range. Fig. 4 (top)
shows the effect of fixing k and varying «, while bottom row shows the
effect of varying k at a fixed a. At a glance, almost all eigenmodes are
capable of resembling any given CFN with the proper choice of tuning
parameters, and it is evident that we need to tune both the global cou-
pling strength and wave number for a dominant eigenmode matching a
specific CFN to emerge. For any given CFN, we find parameter regimes
that recruit multiple eigenmodes while others recruit a single one. This
is especially true of the wave number parameter and not so for coupling
strength. Furthermore, the best achievable spatial correlation stay con-
sistent as we tweak the global coupling strength, whereas wave number
tuning causes shifts in spatial similarity value and eigenmode occupa-
tion. And finally, the limbic network has the lowest spatial match and
the least a mount of shift in spatial correlation values.

To further examine the tunable parameter’s effects on the leading
(best performing) eigenmodes, we show a heat map of the spatial cor-
relation achieved by the dominant eigenmode as we shifted parameter
values in Supplementary Figure 1. As expected, global coupling param-
eter had no effect on dominant eigenmode’s fit while the wave number
did. Subsequently, we split the wave number parameter into its two com-
ponents: transmission velocity and oscillating frequency of signals in the

4505 25 45

1000 50 1000 50 100
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Fig. 4. Structural eigenmode spatial similarity to canonical func-
tional networks depends on model parameters. Colors display the
spatial correlation values (Spearman’s) of all complex Laplacian
eigenmodes across all parameter values with each canonical func-
tional network. Shifts in coupling strength («, top, with wave num-
ber held constant at k = 10) does not cause a change in peak spatial
correlation, but only in the ordering of the eigenmodes. In contrast,
however, shifts in wave number (k, bottom), with coupling strength
held constant at a = 1, leads to changes in eigenmode spatial pat-
terns and spatial correlation to canonical functional networks.

£
o
[l

L
o
S

0.55

0.50

Spatial Similarity to Weey

network, showing that those two components equally affect spatial pat-
terns emerging from the complex Laplacian eigenmodes (Supp. Figure
1 bottom row). The spatial correlation patterns of each functional net-
work also implies that there are potentially functional network specific
eigenmodes obtainable from the structural complex Laplacian, which
will be explored further in the subsequent group level analysis.

On the group level, we found parameter sets that provided the most
spatially similar complex Laplace eigenmode for each canonical func-
tional network. The rank of the most spatially similar eigenmodes are
summarized in violin plots in Fig. 5. With the exception of the default
mode network, whose best structural match spans across the range of all
eigenmodes, all other canonical functional networks exhibit selectivity
towards a specific subset of ranked eigenmodes. The limbic and visual
networks, which contains dense connections in the anterior and ventral
regions of the brain, prefer to occupy eigenmodes at both low and high
ends of the eigen spectrum. On the other hand, the dorsal and ventral
attention networks mainly occupy the middle of the eigen-spectrum.
The specific occupancy patterns shown here implies there may be a hi-
erarchy to the functional and structural organization of the brain, and
the functioning brain minimizes the recruitment of unrelated structural
connections when engaged in conscious brain activity.

3.4. Complex Laplacian eigenmodes outperform real Laplacian eigenmodes

We created 1000 random realizations of connectivity matrices and
their corresponding distance adjacency matrices that share the same
sparsity, mean, and standard deviation values as the HCP template con-
nectome values. Comparisons between eigenmodes of the HCP tem-
plate connectome and randomly generated connectomes are displayed
in Fig. 6. The Laplace eigenmodes of the brain’s white matter network
can be seen as individual subsets of cortical activation patterns that
make up the brain’s functional activity. Therefore, spatial match be-
tween cumulative combinations of eigenmodes to each canonical func-
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Fig. 5. Canonical functional networks have com-
8 8 plex Laplacian eigenmode specificity. Each dot on
70 / 70 \ the violin plot corresponds to the best performing
60 [ 60 eigenmode number. Showing that across all sub-
jects (n = 36), canonical functional networks occu-
50 ) l | 50 pies specific structural eigenmodes as the dominant
a0 el a0 structural basis. Default mode network is the ex-
ception as the best performing eigenmode spans
3 ’ 90 across all eigenmodes. On the other hand, the rest
20 . 20 of the canonical functional networks cluster to spe-
i . o Ll cific eigenmode numbers.
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Fig. 6. Structural eigenmodes of the HCP template complex Laplacian predict ¢

anonical functional networks better than structural eigenmodes of the real Laplacian.

For each canonical functional network, we quantified its spatial similarity against linear combinations of structural eigenmodes obtained from various types of

Laplacians. The spatial similarities quantified by linear least squares residual:

s are shown on top, and Pearson’s correlations are shown on the bottom. Overall,

accumulation of structural eigenmodes improves the spatial similarity between functional networks and structural eigenmodes. The complex HCP eigenmodes (orange)
and real-valued HCP eigenmodes (blue) both outperform eigenmodes decomposed from random connectomes and random distance matrices (green). However, only
the complex HCP eigenmodes outperform complex eigenmodes decomposed from the HCP template connectome paired with random distance matrices (magenta).

(For interpretation of the references to color in this figure legend, the reader is

tional network were computed in addition to just the leading eigen-
mode.

Overall, the HCP complex Laplacian’s best-performing eigenmodes
achieved higher spatial correlation and lower residuals than other vari-
ants of Laplace eigenmodes in 6 out of the 7 CFNs (left-most point on
each curve). As more individual eigenmodes are linearly combined, all
variants show a steady improvement in spatial similarity, with the fully
random variant using the most number of eigenmodes to achieve a high
spatial match, suggesting the fully random eigenmodes are the least in-
formative. On the other hand, the complex eigenmodes from random-
ized distance Laplacians (magenta) consistently performs better than
fully random complex eigenmodes (green) but lacks the structural dis-
tance information to compete with complex Laplace eigenmodes con-
structed with HCP template connectivity and distance adjacency matrix.
The spatial similarity reported in Fig. 6 is Pearson’s correlation due to
its smoothness, we show the same quantification with Spearman’s cor-
relation in Supplementary Fig. 2, which is more appropriate for discrete
samples, but its more volatile due to its nonlinear ordering of samples.

Spatial similarities from random variants of complex Laplace eigen-
modes were normalized into a Z-score distribution for construction of
95% confidence intervals and comparisons against HCP connectome
variants. Comparing only the leading eigenmodes without cumulative
combinations, Complex Laplacian eigenmodes significantly outperforms
random connectivity eigenmodes for all functional network comparisons
(P < 0.05), but only significantly outperforms the randomized distance
eigenmodes for the limbic, visual, frontoparietal, and dorsal attention

referred to the web version of this article.)

networks. On the other hand, the real-valued Laplace eigenmodes does
not significantly outperform eigenmodes from fully random connectiv-
ity profiles for all functional networks. The P-values for both Pearson’s
and Spearman’s metrics are shown in Supplementary Tables S1 and S2.

3.5. Group level eigenmode analysis

Fig. 7 shows a violin plot of the best spatial correlation achieved
by each subject’s complex Laplacian in orange, real Laplacian in blue,
and random distance adjacency matrix paired with the HCP connec-
tome in magenta. Consistent with our HCP template connectome analy-
sis, the complex Laplacian eigenmodes outperforms both the real Lapla-
cian eigenmodes and randomized distance complex Laplacian eigen-
modes. Our complex Laplacian framework includes the additional dis-
tance and delay information in the brain networks compared to con-
ventional real Laplacian eigenmodes, therefore we generated complex
Laplacien eigenmodes from HCP structural connectivity paired with ran-
dom distance adjacency matrices, which as a comparative degree of
freedom. Paired T-tests were performed for all CFNs, the complex Lapla-
cian eigenmodes outperformed real Laplcian eigenmodes at the group
level for all networks except the limbic network (P = 0.64). On the other
hand, significantly higher spatial similarity was achieved by complex
Laplacian eigenmodes for all networks except the dorsal attention net-
work (P =0.12) when comparing against the random distance group
results.
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4. Discussion

In this study we have proposed a complex graph Laplacian frame-
work that demonstrates an ability to capture functional connectivity
patterns, while maintaining parsimony and low-dimensionality of spec-
tral graph models. The model involves only two global and biophysi-
cally meaningful parameters, one controlling the speed of activity prop-
agation, and the other controlling coupling strength between remote
populations of neurons connected via axonal projections. The complex
Laplacian eigenmodes that emerge from our model are intrinsic prop-
erties of the brain’s anatomy, which can potentially become a power-
ful tool in the study of brain networks. However, it is not at all clear
if the well-characterized properties of a real valued Laplacian matrix
(Belkin and Niyogi, 2003) in the literature can easily translate to its
complex counterpart. Questions about the theory and salient properties
of the complex Laplacian are important and novel, however, existing lit-
erature in this area is limited to exploratory stages, such as the recently
published pre-print article on Laplacians and their properties in complex
value weighted graphs (Dong and Qiu, 2015). In the current manuscript,
we showcased application of the complex Laplacian in brain modeling.
We presented detailed statistical analysis of the resulting complex-value
Laplacian eigenmodes, focusing on their ability to predict the spatial
patterns observed on seven CFNs that are well established in functional
neuroimaging. The implications of our main contributions are discussed
below, with additional context and relevance to current literature.

4.1. A simple yet feature-rich graph theoretic approach

We derived a simple model of network diffusion of activity which
takes into account the path delays introduced by realistic axonal con-
ductance speeds and fiber lengths, and showed that at the first order
the behavior of the model can be captured within a complex Laplacian,
on which a complex-valued graph diffusion process is enacted. Using
this definition of the complex Laplacian we demonstrated that its eigen-
modes constitute a sparse basis that is capable of reproducing the char-
acteristic spatial patterns of empirical resting state functional activity
given by the 7 CFNs.

4.2. Higher predictive power than existing graph models

We showed that the complex Laplacian outperforms the existing
models that use the eigenmodes of real-valued Laplacian. These results
are far better than can be expected by chance, as indicated by the signif-
icance values of our results with respect to large simulations with Lapla-
cians calculated from random connectomes. Thus, future graph models
can benefit from the enhanced predictive power of the proposed com-
plex Laplacian approach, which in the cases we have tested highly signif-
icantly improves performance(see Fig. 5). Our work can therefore find

Dorsal Attention

Neurolmage 237 (2021) 118190

Fig. 7. Complex Laplacian outperforms real
Laplacian in recapitulating canonical functional
networks with individual structural connectomes.
e Violin plot showing that on a group level (each
o @ roi ol dot correspond to one subject, n = 36), the best
f performing structural eigenmodes of the complex

Laplacian (orange) outperforms the correspond-

ing structural eigenmode from the real Lapla-

cian (blue) and random distance complex Lapla-
i1 cian (magenta). Paired T-test results of com-
- plex Laplacian against either real Laplacian or
‘,5 random distance complex Laplacian shows the
) complex Laplacians eigenmodes achieving signifi-
cantly higher spatial similarity on the group level
(P-values shown as #< 0.5, %< 0.01). (For inter-
pretation of the references to color in this figure
legend, the reader is referred to the web version of
this article.)

Complex Laplecian
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direct applicability in many clinical and neuroscientific contexts where
predicting functional patterns from structure is important (Fornito et al.,
2015; Jiang, 2013), particularly in cases of epilepsy (Coan et al., 2014),
stroke (Kuceyeski et al., 2016; Rehme and Grefkes, 2013), and neurode-
generation (Zimmermann et al., 2018).

4.3. Complex eigenmodes accommodate a diversity of spatial patterns

One of the most intriguing aspects of our study is the demonstra-
tion that almost all (complex) eigenmodes are capable of resembling
any given CFN, with the proper choice of tuning parameters. As ob-
served from Fig. 4, certain parameter regimes recruit multiple eigen-
modes while others recruit a single one; however with the right selec-
tion of the two model parameters, it is possible to “steer” the eigen-
modes in such a manner that a small number of them can reproduce
any CFN. This not only denotes the strength of our approach, we be-
lieve it points to an essential characteristic of real brain activity, which
is thought to accommodate a large repertoire of microstates and their
concomitant spatial patterns. This rich repertoire was shown above to
be capable of being engaged by our parsimonious graph model, which
may point to the possibility that complex behavior may be achievable by
simple and parsimonious mechanisms, and may not require the kinds of
high-dimensional and non-linear oscillatory models that have held sway
in the field of neural modeling (Honey et al., 2009; Jirsa and Haken,
1997). Our work also supports the idea that macroscopic neurophysio-
logical data on a graph can be sufficiently modeled with linear metrics,
and nonlinear methods may not be required for problem of such scale
(Hartman et al., 2011; Hlinka et al., 2011).

4.4. Rich repertoire is tunable with two biophysical parameters

In our model, the brain can access any configuration of spatial pat-
terns seen in real resting state functional networks by tuning only two of
its global and biophysically meaningful parameters: coupling strength
and wave number. Our current work indicates that physical distances
and the transmission rate of oscillatory activity in combination with cou-
pling strength is sufficient in generating various canonical functional
brain patterns. This demonstration in an analytical model, that a rich
repertoire of states is accessible to the brain by tuning biophysical pro-
cesses, has not previously been reported to our knowledge. The present
computational study is not intended to explore the neural mechanisms
that might control these parameters. Nevertheless, modern neuroscience
provides several potential mechanisms.

Coupling strength « is a direct scaling of white-matter excitatory long
range connections between neural populations in the brain. Phase and
amplitude coupling of oscillatory processes in the brain is evidently im-
portant for the formation of coherent wide-band frequency profiles of
brain recordings and processing of information (Deco et al., 2009; Fries,
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2005; Ghosh et al., 2008a; Schnitzler and Gross, 2005; Varela et al.,
2001). Parameterization of coupling strength between distant brain re-
gions via the connectome is ubiquitous in connectivity based models
of BOLD fMRI (Abdelnour et al., 2014; Deco et al., 2009; Honey et al.,
2009; 2007) and electroencephalography activity (David and Friston,
2003; Ghosh et al., 2008; Spiegler and Jirsa, 2013). Furthermore, patho-
logical FC patterns as a result of disconnections in the brain can be re-
produced with decrease in coupling strength (Cabral et al., 2012; Jirsa
et al., 2010).

The other key tunable parameter in our model, wave number k, is
the ratio between the oscillatory frequency and transmission velocity of
a propagating signal, describing the amount of oscillations per unit dis-
tance traveled by any signal spreading throughout the brain’s structural
network. While transmission speed of signals between brain regions is
often overlooked in brain modeling efforts, its importance is empha-
sized by the biology of the central nervous system. Neuronal spike ar-
rival timing at the cellular level and coherent oscillatory activity at the
network level are carefully managed by synaptic strengths as well as ax-
onal myelination, respectively (Arancibia-Carcamo et al., 2017; Fields,
2015). Further, wave number can be controlled not just by conductance
speed, but also by the operative frequency of oscillations w. From the
deep literature on wide-band frequency response of brain recordings,
it is already known that different functional networks of resting state
BOLD data are preferentially encapsulated by different higher-frequency
bands via phase- and amplitude-coupling (Deco et al., 2009; Ghosh et al.,
2008a). Hence it is plausible that wave number tuning may be achieved
biologically via either dynamic conductance speed or dynamic control
of frequency bands.

4.5. Relationship to existing studies

Recent graph models involving eigen spectra of the adjacency or
Laplacian matrices of the structural connectome have greatly con-
tributed to our understanding of how the brain’s structural wiring gives
rise to its functional patterns of activity. Although these models have
very attractive features of parsimony and low-dimensionality, they suf-
fer from being feature poor and an inability to make stronger predictions
about functional networks.

Such models mapping between structural and functional patterns of
the human brain have typically assumed that SC and FC are not indepen-
dent entities, and that relationship between the two cannot simply be
explained by a direct mapping (Honey et al., 2009). In addition to con-
nection strength between regions, metrics such as anatomical distances
(Alexander-Bloch et al., 2013-01), shortest path lengths (Goni et al.,
2014), diffusion properties (Abdelnour et al., 2018; Kuceyeski et al.,
2016), and structural graph degree (Stam et al., 2016) were also found
to contribute to the brain’s observed functional patterns. Higher-order
walks on graphs have also been quite successful; typically these meth-
ods involve a series expansion of the graph adjacency or Laplacian ma-
trices (Becker et al., 2018; Meier et al., 2016). The diffusion and se-
ries expansion methods are themselves closely related (Robinson et al.,
2016), and almost all harmonic-based approaches may be interpreted
as special cases of each other, as demonstrated elegantly in recent
studies (Deslauriers-Gauthier et al., 2020; Tewarie et al., 2020). The
wealth of studies elucidating how the observed function originate
from the underlying structural network provided a strong motivation
for our approach, which extracts functional patterns from the infor-
mative complex graph Laplacian that incorporates both the connec-
tion strengths as well as the anatomical distances of the structural
network.

In contrast to spectral graph models, inferring functional connec-
tivity from biophysiological models of neuronal populations have been
a specialty of dynamic causal models (DCMs). Such generative models
have emerged as powerful tools mainly to infer effective (directional)
connectivity for smaller networks (Daunizeau et al., 2009; Park et al.,
2018; Pinotsis et al., 2017; Razi et al., 2015; Stephan et al., 2008), or
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dynamic functional connectivity (Preti et al., 2017; Van de Steen et al.,
2019). While the goal of DCMs is similar to our proposed model that
makes model inferences about FC, the two frameworks are different in
terms of approach and dimensionality. DCMs examine the second order
covariances of brain activity, and it is only recent works with spectral
and regression DCM models have expanded the model coverage to the
whole-brain scale and the potential to incorporate SC data (Frassle et al.,
2018; 2017; Razi et al., 2017). However, these models rely on formula-
tion of local neural masses to derive dynamical behavior, which are then
used to generate effective or dynamic connectivity through simulations.
By avoiding large-scale simulations of neuronal activity, in our proposed
framework we not only allowed canonical functional patterns to emerge
directly from a complex Laplacian matrix, we have also created a model
with only two global parameters. Most DCM models have many more
degrees of freedom compared to our work because of their parameter-
ization for different interactions within and between brain regions. In
contrast to some of more recent spectral DCM parameterizations, ad-
ditionally, our global parameters reflecting the brain’s anatomical con-
nection density and distances traveled between connections continue to
have clear biophysical interpretability.

Frequency-band specific magnetoencephalography (MEG) resting-
state networks have been successfully modeled with a combination of
delayed NMMs and eigenmodes of the structural network (Tewarie et al.,
2019), suggesting delayed interactions in a brain’s network give rise
to functional patterns constrained by structural eigenmodes. In our re-
cent work, we expanded upon eigenmdoes of SC matrices by integrating
time delays in the brain with SC to create a complex Laplacian ma-
trix in the Fourier domain (Raj et al., 2020). Using the eigen-spectra
of the complex Laplacian matrix, we found specific subsets of complex
eigenmodes that contributed to specific cortical alpha and beta wave
patterns. The findings in the current article expands upon these time-
delayed eigenmodes to find subsets of eigenmodes predictive of canon-
ical functional networks derived from resting state fMRI. Our theorized
framework provides two global parameters that act on the structural
connectome and its corresponding distance adjacency matrix to control
coupling strength and delays in the network. These findings supports
other works suggesting there is a possible organizational hierarchy, or
gradients of topographical organization that spatially constraints cor-
tical function (Buckner and Margulies, 2019; Huntenburg et al., 2018;
Margulies et al., 2016; Sepulcre et al., 2012; Vazquez-Rodriguez et al.,
2019). Margulies et al. proposed that so-called “principal gradients”,
which may be interpreted as the Laplacian eigenmodes of the FC ma-
trix, serve as the core organizing axis of cerebral cortex, spanning from
unimodal sensorimotor to integrative transmodal areas (Margulies et al.,
2016). The complex eigenmodes proposed here may therefore be con-
sidered as the structural analog of Margulies’ principal gradients. Sim-
ilarly, we found that the unimodal sensorimotor networks at one end
of the principal gradient, which accounts for the most variance in con-
nectivity, achieved the highest spatial correlations. On the other hand,
transmodal networks on the opposite end of the axis, needed much more
cumulatively combined structural eigenmodes to achieve high spatial
similarity.

Atasoy et al. previously modeled the same resting-state canonical
functional networks used here with real-valued Laplacian eigenmodes
as structural substrates on which a mean field neural model dictated cor-
tical dynamics (Atasoy et al., 2016). While the model dimensionalities
between the two studies are vastly different, we show that in the absence
of a neural dynamical system, the addition of time lag in the network
allowed canonical functional networks to emerge from just structural
substrates. Furthermore, we believe incorporating time lags in our struc-
tural connectivity of the brain to create complex Laplacian matrices is an
informative but unexplored alternative to regular Laplacian normaliza-
tions of brain networks. Particularly, the complex connectivity matrix
in Fourier domain allows exploration of oscillatory frequency and phase
shifts between brain regions as a property of the network, potentially
presenting an opportunity in utilizing complex structural eigenmodes to
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integrate SC for explaining imaginary coherence patterns in MEG and
EEG.

4.6. Limitations

The current results are limited by data resolution. Tractograms
obtained from diffusion weighted images are approximations of the
brain’s axonal white-matter connections. We recognize that tractogra-
phy, paired with anatomical parcellation of brain regions, does fail to
appreciate the finer structures in the brain, especially the more refined
connections and nuclei in the brain stem as well as close neighbor con-
nections. Despite the coarse parcellation and rough approximations of
white matter architecture, our proposed approach utilizes a spatial em-
bedding of the brain’s connectomics information and is extendable to
finer parcellations.

Our theorized model relies on an averaged approximation of fiber
distances between ROIs, and we assumed a global parameter to account
for conductance speed in the brain. In reality, the amount of myelination
and synaptic strength varies greatly in the brain. However, our approx-
imations were enough in recapitulating canonical functional networks
in the human brain, while benefiting from a low dimensional and inter-
pretable model. It is also worth nothing that the canonical functional
networks used in this work were obtained from data-driven clustering
of fMRI activity, and is far from a comprehensive representation of the
brain’s functional patterns. While our work can be extended to finer
functional parcellations, we sought to avoid overlap between canonical
functional networks by using the 7 networks parcellation. For example,
the dorsal and ventral attention networks are found to overlap with the
salience network (Seeley et al., 2007), and task activated fMRI patterns
revealed regions that are positively and negatively associated with at-
tention and default networks (Fox et al., 2005).

5. Conclusions

In conclusion, we show that the spatial embedding of the brain’s
connections in a structural connectome is a rich substrate, on which
we can derive intrinsic functional patterns of the brain with a simple
network diffusion approach. We show that Laplace eigenbasis in the
complex frequency domain outperforms conventional eigenbasis of the
graph Laplacian in capturing spatial patterns of canonical functional net-
works. We recognize the complex nonlinear activities and dense connec-
tions present in the brain, but our work suggests that we can continue
to extend simpler linear modeling approaches to approximate what we
observe with macroscopic imaging techniques such as BOLD fMRI and
diffusion weighted imaging.

6. Methods
6.1. Structural connectivity network computation

We constructed structural connectivity networks according to the
Desikan—Killiany atlas where the brain images were parcellated into 68
cortical regions and 18 subcortical regions as available in the FreeSurfer
software (Desikan et al., 2006; Fischl et al., 2002). We first obtained
openly available diffusion MRI data from the MGH-USC Human Connec-
tome Project to create an average template connectome (McNab et al.,
2013). Additionally, we obtained individual structural connectivity net-
works from 36 subjects’ diffusion MRI data. Specifically, Bedpostx was
used to determine the orientation of brain fibers in conjunction with
FLIRT, as implemented in the FSL software (Jenkinson et al., 2012).
Tractography was performed using probtrackx2 to determine the ele-
ments of the adjacency matrix. We initiated 4000 streamlines from each
seed voxel corresponding to a cortical or subcortical gray matter struc-
ture and tracked how many of these streamlines reached a target gray
matter structure. The weighted connection between the two structures
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¢;,» was defined as the number of streamlines initiated by voxels in re-
gion / that reach any voxel within region m, normalized by the sum
of the source and target region volumes. This normalization prevents
large brain regions from having extremely high connectivity due to hav-
ing initiated or received many streamline seeds. Afterwards, connection
strengths are averaged between both directions (¢, and c,,,) to form
undirected edges. Additionally, to determine the geographic location of
an edge, the top 95% of non-zero voxels by streamline count were com-
puted for both edge directions, the consensus edge was defined as the
union between both post-threshold sets.

6.2. Canonical functional networks

We chose the 7 CFN parcellations mapped by Yeo et al. (2011) as
the functional spatial patterns most frequently visited by the human
brain. The brain parcellations were created from fMRI recordings of
1000 young, healthy English speaking adults at rest with eyes open.
A clustering algorithm was used to parcellate and identify consistently
coupled voxels within the brain volume. The results revealed a coarse
parcellation of seven networks: W, = {limbic, default, visual, fron-
toparietal, somatomotor, ventral attention, dorsal attention}.

The CFN parcellation was co-registered to brain regions of inter-
est in the gyral based Desikan—Killany atlas (Desikan et al., 2006) to
match the dimensionality of our complex Laplacian structural eigen-
modes. Then spatial activation maps of each canonical network was pro-
duced by normalizing the number of voxels per brain region belonging
to a specific CFN by the total number of voxels in the brain region of
interest (Fig. 1). Both the functional networks and the Desikan-Killiany
atlas are openly available for download from Freesurfer (Fischl, 2012)
(http://surfer.nmr.mgh.harvard.edu/).

6.3. Global parameter optimization for individual structural eigenmodes

To ensure that we obtained a globally optimal set of parameters a, k
that provided a complex Laplacian eigenmode u, which is the most sim-
ilar to the spatial pattern of each of the seven ¥, we performed an
optimization of the cost function: f(a,k,n) =1 — corr(¥cpn.u,(a,k)) to
determine the optimal eigenmode, coupling, and wavenumber for each
canonical functional network. We used the “basin-hopping” global op-
timization technique on this cost function, a robust technique for non-
convex cost functions (Wales and Doye, 1997). This algorithm is able
to escape from local minima in the parameter space by accepting and
“hopping” to new parameters even if they increase the cost function. The
algorithm will accept iterations that decrease the cost function evalua-
tion with a probability of 1, but only accept iterations that do not de-
crease cost function with a probability of exp(A(f)/T), where A(f) is
the change in the cost function across successive iterations, and T is a
constantly decreasing “temperature” term. Larger T indicates that the
algorithm is more willing to accept jumps in cost function evaluation.
We initiated the optimization procedure from ten different initial pa-
rameter values and selected the best result out of all initialization runs.

6.4. Similarity analysis between canonical functional networks and
cumulative linear combination of structural eigenmodes

Here, we examine whether structural eigenmodes can form a linear
basis for activation patterns for canonical functional networks and ex-
amine if a cumulative combination of structural eigenmodes improves
the spatial similarity with CFN’s when compared to individual struc-
tural eigenmodes. For each CFN, we first ordered the eigenmodes based
on their individual similarity after global parameter optimization using
procedures described in the previous section. For each CFN, we then
computed similarity of the optimal linear weighting of sorted individual
structural eigenmodes u; with W5y by cumulatively adding structural
eigenmodes ordered by their similarity. We minimized the L, — norm of
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Yery — 2, w(a, kw), to obtain the optimal weights w, and a quantifi-
cation of spatial patterns obtained by the best cumulative set of eigen-
modes.

Spatial similarity of cumulative eigenmodes with CFNs were then
computed using both Pearson’s (Fig. 6) and Spearman’s correlations
(Figure S2). While Spearman’s correlation was appropriate for non-
continuous correlative comparisons, its non-linearity due to sorting of
values was evident in volatile changes of spatial similarity, and Pear-
son’s correlation provided more stable results.

We repeated the above analysis for both the conventional real-valued
Laplacian without frequency and transmission speed tuning, as well
as complex Laplacians obtained from randomized connectivity matri-
ces. For random connectivity matrices, we constructed 1000 realiza-
tions of random connectivity and distance matrices to allow us to com-
pare and quantify the performance of the brain’s structural eigenmodes
against eigenmodes of randomized graphs. The random matrices were
constructed with the same sparsity as the HCP template connectome,
and the elements of the random matrices were assigned by randomly
sampling from a distribution that’s representative of the mean and vari-
ance of the HCP template connectome and distance matrices.

Code and data availability

Intermediate light-weight data and code that support the findings of
this study are available from the GitHub repository at https://github.
com/axiezai/complex_laplacian. The code used to produce basic figures
can be run as interactive Jupyter notebooks after installing the comput-
ing environment from https://zenodo.org/record/3532497 (Xie et al.,
2019), instructions for downloading and setting up the computing re-
quirements are documented in the README file.

Credit authorship contribution statement

Xihe Xie: Software, Methodology, Validation, Formal analysis, Data
curation, Writing - original draft, Visualization. Chang Cai: Formal anal-
ysis, Software, Validation, Visualization, Data curation. Pablo F. Dam-
asceno: Software, Validation, Resources, Data curation. Srikantan S.
Nagarajan: Conceptualization, Methodology, Writing - review & edit-
ing. Ashish Raj: Conceptualization, Methodology, Writing - review &
editing.

Acknowledgments

This work was supported by the National Institute of Health (NIH)
grants RO1EB022717, R01DC013979, RO1NS100440, R01DC0176960,
R01AG062196, R0O1DC017091, UCOP-MRP-17-454755, and the Na-
tional Natural Science Foundation of China under Grant 62007013. The
template HCP connectome used in the preparation of this work were ob-
tained from the MGH-USC Human Connectome Project (HCP) database
(https://ida.loni.usc.edu/login.jsp). The HCP project’s MGH-USC Con-
sortium (Principal Investigators: Bruce R. Rosen, Arthur W. Toga and
Van Wedeen; U01MHO093765) is supported by the NIH Blueprint Initia-
tive for Neuroscience Research Grant; the National Institutes of Health
grant P41EB015896; and the Instrumentation Grants S10RR023043,
1S10RR023401, 1S10RR019307. Collectively, the HCP is the result of
efforts of co-investigators from the University of Southern California,
Martinos Center at Massachusetts General Hospital (MGH), Washington
University, and the University of Minnesota.

Supplementary material

Supplementary material associated with this article can be found, in
the online version, at doi:10.1016/j.neuroimage.2021.118190

10

Neurolmage 237 (2021) 118190

References

Abdelnour, F., Dayan, M., Devinsky, O., Thesen, T., Raj, A., 2018. Functional brain connec-
tivity is predictable from anatomic network’s Laplacian eigen-structure. Neurolmage
172, 728-739.

Abdelnour, F., Voss, H.U., Raj, A., 2014. Network diffusion accurately models the rela-
tionship between structural and functional brain connectivity networks. Neurolmage
90, 335-347.

Alexander-Bloch, AF., Vértes, P.E., Stidd, R., Lalonde, F., Clasen, L., Rapoport, J.,
Giedd, J., Bullmore, E.T., Gogtay, N., 2013-01. The anatomical distance of functional
connections predicts brain network topology in health and schizophrenia. Cereb. Cor-
tex (New York, NY) 23 (1), 127-138.

Arancibia-Céarcamo, I.L., Ford, M.C., Cossell, L., Ishida, K., Tohyama, K., Attwell, D., 2017.
Node of ranvier length as a potential regulator of myelinated axon conduction speed.
eLife 6, €23329.

Atasoy, S., Donnelly, I., Pearson, J., 2016. Human brain networks function in connec-
tome-specific harmonic waves. Nat. Commun. 7, 10340.

Bassett, D.S., Bullmore, E., 2006. Small-world brain networks. Neuroscientist 8 (6),
512-523.

Bassett, D.S., Bullmore, E.T., 2009. Human brain networks in health and disease. Curr.
Opin. Neurol. 22, 340-347.

Becker, C., Pequito, S., Pappas, G., Miller, M., Grafton, S., Bassett, D., Preciado, V.M.,
2018. Spectral mapping of brain functional connectivity from diffusion imaging. Nat.
Sci. Rep. 8 (1411), 1-15.

Belkin, M., Niyogi, P., 2003. Laplacian eigenmaps for dimensionality reduction and data
representation. Neural Comput. 15 (6), 1373-1396.

Brunel, N., Brunel, N., 2000. Dynamics of sparsely connected networls of excitatory and
inhibitory neurons. Comput. Neurosci. 8, 183-208.

Brunel, N., Wang, X.J., 2001. Effects of neuromodulation in a cortical network model of
object working memory dominated by recurrent inhibition. J. Comput. Neurosci. 11,
63-85.

Buckner, R.L., 2005. Molecular, structural, and functional characterization of Alzheimer’s
disease: evidence for a relationship between default activity, amyloid, and memory.
J. Neurosci. 25, 7709-7717.

Buckner, R.L., Margulies, D.S., 2019. Macroscale cortical organization and a default-like
apex transmodal network in the marmoset monkey. Nat. Commun. 10 (1), 1976.
Bullmore, E., Sporns, O., 2009. Complex brain networks: graph theoretical analysis of

structural and functional systems. Nat. Rev. Neurosci. 10, 186-198.

Cabral, J., Hugues, E., Kringelbach, M.L., Deco, G., 2012. Modeling the outcome of
structural disconnection on resting-state functional connectivity. Neurolmage 62 (3),
1342-1353.

Cao, M., Wang, J.-H., Dai, Z.-J., Cao, X.-Y., Jiang, L.-L., Fan, F.-M., Song, X.-W., Xia, M.-R.,
Shu, N., Dong, Q., Milham, M.P., Castellanos, F.X., Zuo, X.-N., He, Y., 2014. Topolog-
ical organization of the human brain functional connectome across the lifespan. Dev.
Cogn. Neurosci. 7, 76-93.

Chatterjee, N., Sinha, S., 2008. Understanding the mind of a worm: hierarchical network
structure underlying nervous system function in C. elegans. Prog. Brain Res. 168,
145-153.

Coan, A.C., Campos, B.M., Yasuda, C.L., Kubota, B.Y., Bergo, F.P., Guerreiro, C.A., Cen-
des, F., 2014. Frequent seizures are associated with a network of gray matter atrophy
in temporal lobe epilepsy with or without hippocampal sclerosis. PLoS One 9 (1),
e85843.

Craddock, R.C., James, G.A., Holtzheimer, P.E., Hu, X.P., Mayberg, H.S., 2012. A whole
brain fMRI atlas generated via spatially constrained spectral clustering. Hum. Brain
Mapp. 33 (8), 1914-1928.

Daunizeau, J., Kiebel, S.J., Friston, K.J., 2009. Dynamic causal modelling of distributed
electromagnetic responses. Neurolmage 47 (2), 590-601.

David, O., Friston, K.J., 2003. A neural mass model for MEG/EEG: coupling and neuronal
dynamics. Neurolmage 20 (3), 1743-1755.

Deco, G., Jirsa, V., McIntosh, A.R., Sporns, O., Kotter, R., 2009. Key role of coupling,
delay, and noise in resting brain fluctuations. Proc. Natl. Acad. Sci. 106 (25),
10302-10307.

Desikan, R.S., Segonne, F., Fischl, B., Quinn, B.T., Dickerson, B.C., Blacker, D., Buck-
ner, R.L., Dale, A.M., Maguire, R.P., Hyman, B.T., Albert, M.S., Killiany, R.J., 2006. An
automated labeling system for subdividing the human cerebral cortex on MRI scans
into gyral based regions of interest. Neurolmage 31, 968-980.

Deslauriers-Gauthier, S., Zucchelli, M., Frigo, M., Deriche, R., 2020. A unified framework
for multimodal structure-function mapping based on eigenmodes. Med. Image Anal.
66, 101799.

Dong, J.-G., Qiu, L., 2015. Complex Laplacians and applications in multi-agent systems.
arXiv.

El Boustani, S., Destexhe, A., 2009. A master equation formalism for macroscopic modeling
of asynchronous irregular activity states.. Neural Comput. 21 (1), 46-100.

Fields, R.D., 2015-12. A new mechanism of nervous system plasticity: activity-dependent
myelination. Nat. Rev. Neurosci. 16 (12), 756-767. doi:10.1038/nrn4023. Number:
12 Publisher: Nature Publishing Group

Fischl, B., 2012. Freesurfer. Neurolmage 62, 774-781.

Fischl, B., Salat, D.H., Busa, E., Albert, M., Dieterich, M., Haselgrove, C., Kouwe, A.V.D.,
Killiany, R., Kennedy, D., Klaveness, S., Montillo, A., Makris, N., Rosen, B., Dale, A.M.,
2002. Whole brain segmentation: automated labeling of neuroanatomical structures
in the human brain. Neuron 33, 341-355.

Fornito, A., Zalesky, A., Breakspear, M., 2015. The connectomics of brain disorders. Nat.
Rev. Neurosci. 16 (3), 159-172.

Fox, M.D., Snyder, A.Z., Vincent, J.L., Corbetta, M., Essen, D.C.V., Raichle, M.E., 2005.
The human brain is intrinsically organized into dynamic, anticorrelated functional
networks. Proc. Natl. Acad. Sci. 102, 9673-9678.


https://github.com/axiezai/complex_laplacian
https://zenodo.org/record/3532497
https://doi.org/10.13039/100000002
https://ida.loni.usc.edu/login.jsp
https://doi.org/10.1016/j.neuroimage.2021.118190
http://refhub.elsevier.com/S1053-8119(21)00467-5/sbref0001
http://refhub.elsevier.com/S1053-8119(21)00467-5/sbref0001
http://refhub.elsevier.com/S1053-8119(21)00467-5/sbref0001
http://refhub.elsevier.com/S1053-8119(21)00467-5/sbref0001
http://refhub.elsevier.com/S1053-8119(21)00467-5/sbref0001
http://refhub.elsevier.com/S1053-8119(21)00467-5/sbref0001
http://refhub.elsevier.com/S1053-8119(21)00467-5/sbref0002
http://refhub.elsevier.com/S1053-8119(21)00467-5/sbref0002
http://refhub.elsevier.com/S1053-8119(21)00467-5/sbref0002
http://refhub.elsevier.com/S1053-8119(21)00467-5/sbref0002
http://refhub.elsevier.com/S1053-8119(21)00467-5/sbref0003
http://refhub.elsevier.com/S1053-8119(21)00467-5/sbref0003
http://refhub.elsevier.com/S1053-8119(21)00467-5/sbref0003
http://refhub.elsevier.com/S1053-8119(21)00467-5/sbref0003
http://refhub.elsevier.com/S1053-8119(21)00467-5/sbref0003
http://refhub.elsevier.com/S1053-8119(21)00467-5/sbref0003
http://refhub.elsevier.com/S1053-8119(21)00467-5/sbref0003
http://refhub.elsevier.com/S1053-8119(21)00467-5/sbref0003
http://refhub.elsevier.com/S1053-8119(21)00467-5/sbref0003
http://refhub.elsevier.com/S1053-8119(21)00467-5/sbref0003
http://refhub.elsevier.com/S1053-8119(21)00467-5/sbref0004
http://refhub.elsevier.com/S1053-8119(21)00467-5/sbref0004
http://refhub.elsevier.com/S1053-8119(21)00467-5/sbref0004
http://refhub.elsevier.com/S1053-8119(21)00467-5/sbref0004
http://refhub.elsevier.com/S1053-8119(21)00467-5/sbref0004
http://refhub.elsevier.com/S1053-8119(21)00467-5/sbref0004
http://refhub.elsevier.com/S1053-8119(21)00467-5/sbref0004
http://refhub.elsevier.com/S1053-8119(21)00467-5/sbref0005
http://refhub.elsevier.com/S1053-8119(21)00467-5/sbref0005
http://refhub.elsevier.com/S1053-8119(21)00467-5/sbref0005
http://refhub.elsevier.com/S1053-8119(21)00467-5/sbref0005
http://refhub.elsevier.com/S1053-8119(21)00467-5/sbref0006
http://refhub.elsevier.com/S1053-8119(21)00467-5/sbref0006
http://refhub.elsevier.com/S1053-8119(21)00467-5/sbref0006
http://refhub.elsevier.com/S1053-8119(21)00467-5/sbref0007
http://refhub.elsevier.com/S1053-8119(21)00467-5/sbref0007
http://refhub.elsevier.com/S1053-8119(21)00467-5/sbref0007
http://refhub.elsevier.com/S1053-8119(21)00467-5/sbref0008
http://refhub.elsevier.com/S1053-8119(21)00467-5/sbref0008
http://refhub.elsevier.com/S1053-8119(21)00467-5/sbref0008
http://refhub.elsevier.com/S1053-8119(21)00467-5/sbref0008
http://refhub.elsevier.com/S1053-8119(21)00467-5/sbref0008
http://refhub.elsevier.com/S1053-8119(21)00467-5/sbref0008
http://refhub.elsevier.com/S1053-8119(21)00467-5/sbref0008
http://refhub.elsevier.com/S1053-8119(21)00467-5/sbref0008
http://refhub.elsevier.com/S1053-8119(21)00467-5/sbref0009
http://refhub.elsevier.com/S1053-8119(21)00467-5/sbref0009
http://refhub.elsevier.com/S1053-8119(21)00467-5/sbref0009
http://refhub.elsevier.com/S1053-8119(21)00467-5/sbref0010
http://refhub.elsevier.com/S1053-8119(21)00467-5/sbref0010
http://refhub.elsevier.com/S1053-8119(21)00467-5/sbref0010
http://refhub.elsevier.com/S1053-8119(21)00467-5/sbref0011
http://refhub.elsevier.com/S1053-8119(21)00467-5/sbref0011
http://refhub.elsevier.com/S1053-8119(21)00467-5/sbref0011
http://refhub.elsevier.com/S1053-8119(21)00467-5/sbref0012
http://refhub.elsevier.com/S1053-8119(21)00467-5/sbref0012
http://refhub.elsevier.com/S1053-8119(21)00467-5/sbref0013
http://refhub.elsevier.com/S1053-8119(21)00467-5/sbref0013
http://refhub.elsevier.com/S1053-8119(21)00467-5/sbref0013
http://refhub.elsevier.com/S1053-8119(21)00467-5/sbref0014
http://refhub.elsevier.com/S1053-8119(21)00467-5/sbref0014
http://refhub.elsevier.com/S1053-8119(21)00467-5/sbref0014
http://refhub.elsevier.com/S1053-8119(21)00467-5/sbref0015
http://refhub.elsevier.com/S1053-8119(21)00467-5/sbref0015
http://refhub.elsevier.com/S1053-8119(21)00467-5/sbref0015
http://refhub.elsevier.com/S1053-8119(21)00467-5/sbref0015
http://refhub.elsevier.com/S1053-8119(21)00467-5/sbref0015
http://refhub.elsevier.com/S1053-8119(21)00467-5/sbref0016
http://refhub.elsevier.com/S1053-8119(21)00467-5/sbref0016
http://refhub.elsevier.com/S1053-8119(21)00467-5/sbref0016
http://refhub.elsevier.com/S1053-8119(21)00467-5/sbref0016
http://refhub.elsevier.com/S1053-8119(21)00467-5/sbref0016
http://refhub.elsevier.com/S1053-8119(21)00467-5/sbref0016
http://refhub.elsevier.com/S1053-8119(21)00467-5/sbref0016
http://refhub.elsevier.com/S1053-8119(21)00467-5/sbref0016
http://refhub.elsevier.com/S1053-8119(21)00467-5/sbref0016
http://refhub.elsevier.com/S1053-8119(21)00467-5/sbref0016
http://refhub.elsevier.com/S1053-8119(21)00467-5/sbref0016
http://refhub.elsevier.com/S1053-8119(21)00467-5/sbref0016
http://refhub.elsevier.com/S1053-8119(21)00467-5/sbref0016
http://refhub.elsevier.com/S1053-8119(21)00467-5/sbref0016
http://refhub.elsevier.com/S1053-8119(21)00467-5/sbref0016
http://refhub.elsevier.com/S1053-8119(21)00467-5/sbref0017
http://refhub.elsevier.com/S1053-8119(21)00467-5/sbref0017
http://refhub.elsevier.com/S1053-8119(21)00467-5/sbref0017
http://refhub.elsevier.com/S1053-8119(21)00467-5/sbref0018
http://refhub.elsevier.com/S1053-8119(21)00467-5/sbref0018
http://refhub.elsevier.com/S1053-8119(21)00467-5/sbref0018
http://refhub.elsevier.com/S1053-8119(21)00467-5/sbref0018
http://refhub.elsevier.com/S1053-8119(21)00467-5/sbref0018
http://refhub.elsevier.com/S1053-8119(21)00467-5/sbref0018
http://refhub.elsevier.com/S1053-8119(21)00467-5/sbref0018
http://refhub.elsevier.com/S1053-8119(21)00467-5/sbref0018
http://refhub.elsevier.com/S1053-8119(21)00467-5/sbref0019
http://refhub.elsevier.com/S1053-8119(21)00467-5/sbref0019
http://refhub.elsevier.com/S1053-8119(21)00467-5/sbref0019
http://refhub.elsevier.com/S1053-8119(21)00467-5/sbref0019
http://refhub.elsevier.com/S1053-8119(21)00467-5/sbref0019
http://refhub.elsevier.com/S1053-8119(21)00467-5/sbref0019
http://refhub.elsevier.com/S1053-8119(21)00467-5/sbref0020
http://refhub.elsevier.com/S1053-8119(21)00467-5/sbref0020
http://refhub.elsevier.com/S1053-8119(21)00467-5/sbref0020
http://refhub.elsevier.com/S1053-8119(21)00467-5/sbref0020
http://refhub.elsevier.com/S1053-8119(21)00467-5/sbref0021
http://refhub.elsevier.com/S1053-8119(21)00467-5/sbref0021
http://refhub.elsevier.com/S1053-8119(21)00467-5/sbref0021
http://refhub.elsevier.com/S1053-8119(21)00467-5/sbref0022
http://refhub.elsevier.com/S1053-8119(21)00467-5/sbref0022
http://refhub.elsevier.com/S1053-8119(21)00467-5/sbref0022
http://refhub.elsevier.com/S1053-8119(21)00467-5/sbref0022
http://refhub.elsevier.com/S1053-8119(21)00467-5/sbref0022
http://refhub.elsevier.com/S1053-8119(21)00467-5/sbref0022
http://refhub.elsevier.com/S1053-8119(21)00467-5/sbref0023
http://refhub.elsevier.com/S1053-8119(21)00467-5/sbref0023
http://refhub.elsevier.com/S1053-8119(21)00467-5/sbref0023
http://refhub.elsevier.com/S1053-8119(21)00467-5/sbref0023
http://refhub.elsevier.com/S1053-8119(21)00467-5/sbref0023
http://refhub.elsevier.com/S1053-8119(21)00467-5/sbref0023
http://refhub.elsevier.com/S1053-8119(21)00467-5/sbref0023
http://refhub.elsevier.com/S1053-8119(21)00467-5/sbref0023
http://refhub.elsevier.com/S1053-8119(21)00467-5/sbref0023
http://refhub.elsevier.com/S1053-8119(21)00467-5/sbref0023
http://refhub.elsevier.com/S1053-8119(21)00467-5/sbref0023
http://refhub.elsevier.com/S1053-8119(21)00467-5/sbref0023
http://refhub.elsevier.com/S1053-8119(21)00467-5/sbref0023
http://refhub.elsevier.com/S1053-8119(21)00467-5/sbref0024
http://refhub.elsevier.com/S1053-8119(21)00467-5/sbref0024
http://refhub.elsevier.com/S1053-8119(21)00467-5/sbref0024
http://refhub.elsevier.com/S1053-8119(21)00467-5/sbref0024
http://refhub.elsevier.com/S1053-8119(21)00467-5/sbref0024
http://refhub.elsevier.com/S1053-8119(21)00467-5/sbref0026
http://refhub.elsevier.com/S1053-8119(21)00467-5/sbref0026
http://refhub.elsevier.com/S1053-8119(21)00467-5/sbref0026
https://doi.org/10.1038/nrn4023
http://refhub.elsevier.com/S1053-8119(21)00467-5/sbref0028
http://refhub.elsevier.com/S1053-8119(21)00467-5/sbref0028
http://refhub.elsevier.com/S1053-8119(21)00467-5/sbref0029
http://refhub.elsevier.com/S1053-8119(21)00467-5/sbref0029
http://refhub.elsevier.com/S1053-8119(21)00467-5/sbref0029
http://refhub.elsevier.com/S1053-8119(21)00467-5/sbref0029
http://refhub.elsevier.com/S1053-8119(21)00467-5/sbref0029
http://refhub.elsevier.com/S1053-8119(21)00467-5/sbref0029
http://refhub.elsevier.com/S1053-8119(21)00467-5/sbref0029
http://refhub.elsevier.com/S1053-8119(21)00467-5/sbref0029
http://refhub.elsevier.com/S1053-8119(21)00467-5/sbref0029
http://refhub.elsevier.com/S1053-8119(21)00467-5/sbref0029
http://refhub.elsevier.com/S1053-8119(21)00467-5/sbref0029
http://refhub.elsevier.com/S1053-8119(21)00467-5/sbref0029
http://refhub.elsevier.com/S1053-8119(21)00467-5/sbref0029
http://refhub.elsevier.com/S1053-8119(21)00467-5/sbref0029
http://refhub.elsevier.com/S1053-8119(21)00467-5/sbref0029
http://refhub.elsevier.com/S1053-8119(21)00467-5/sbref0030
http://refhub.elsevier.com/S1053-8119(21)00467-5/sbref0030
http://refhub.elsevier.com/S1053-8119(21)00467-5/sbref0030
http://refhub.elsevier.com/S1053-8119(21)00467-5/sbref0030
http://refhub.elsevier.com/S1053-8119(21)00467-5/sbref0031
http://refhub.elsevier.com/S1053-8119(21)00467-5/sbref0031
http://refhub.elsevier.com/S1053-8119(21)00467-5/sbref0031
http://refhub.elsevier.com/S1053-8119(21)00467-5/sbref0031
http://refhub.elsevier.com/S1053-8119(21)00467-5/sbref0031
http://refhub.elsevier.com/S1053-8119(21)00467-5/sbref0031
http://refhub.elsevier.com/S1053-8119(21)00467-5/sbref0031

X. Xie, C. Cai, P.F. Damasceno et al.

French, A., 1971. Vibrations and Waves. M.L.T. Introductory Physics Series. Taylor & Fran-
cis.

Fries, P., 2005. A mechanism for cognitive dynamics: neuronal communication through
neuronal coherence. Trends Cogn. Sci. 9 (10), 474-480.

Fréssle, S., Lomakina, E.I., Kasper, L., Manjaly, Z.M., Leff, A., Pruessmann, K.P., Buh-
mann, J.M., Stephan, K.E., 2018. A generative model of whole-brain effective con-
nectivity. NeuroImage 179, 505-529.

Fréssle, S., Lomakina, E.I., Razi, A., Friston, K.J., Buhmann, J.M., Stephan, K.E., 2017.
Regression DCM for fMRI. Neurolmage 155, 406-421. Publisher: Elsevier

Ghosh, A., Rho, Y., McIntosh, A.R., Kétter, R., Jirsa, V.K., 2008. Cortical network dynamics
with time delays reveals functional connectivity in the resting brain. Cogn. Neurodyn.
2(2), 115.

Ghosh, A., Rho, Y., McIntosh, A.R., Kotter, R., Jirsa, V.K., 2008. Noise during rest enables
the exploration of the brain’s dynamic repertoire. PLoS Comput. Biol. 4 (10), 1-12.

Goiii, J., van den Heuvel, M.P., Avena-Koenigsberger, A., de Mendizabal, N.V., Betzel, R.F.,
Griffa, A., Hagmann, P., Corominas-Murtra, B., Thiran, J.-P., Sporns, O., 2014. Rest-
ing-brain functional connectivity predicted by analytic measures of network commu-
nication. Proc. Natl. Acad. Sci. 111 (2), 833-838.

Gu, S., Pasqualetti, F., Cieslak, M., Telesford, Q.K., Yu, A.B., Kahn, A.E., Medaglia, J.D.,
Vettel, J.M., Miller, M.B., Grafton, S.T., Bassett, D.S., 2015. Controllability of struc-
tural brain networks. Nat. Commun. 6, 8414.

Hartman, D., Hlinka, J., Palus, M., Mantini, D., Corbetta, M., 2011. The role of nonlin-
earity in computing graph-theoretical properties of resting-state functional magnetic
resonance imaging brain networks. Chaos (Woodbury, N.Y.) 21 (1), 013119.

He, Y., Chen, Z., Evans, A., 2008. Structural insights into aberrant topological patterns of
large-scale cortical networks in Alzheimer’s disease. J. Neurosci. 28, 4756-4766.
Hlinka, J., Palus, M., Vejmelka, M., Mantini, D., Corbetta, M., 2011. Functional con-
nectivity in resting-state fMRI: is linear correlation sufficient? Neurolmage 54 (3),

2218-2225.

Hodgkin, A.L., Huxley, A.F., 1952. A quantitative description of membrane current and
its application to conduction and excitation in nerve. J. Physiol. 117, 500-544.

Honey, C.J., Honey, C.J., Sporns, O., Sporns, O., Cammoun, L., Cammoun, L., Gigan-
det, X., Gigandet, X., Thiran, J.P., Thiran, J.P., Meuli, R., Meuli, R., Hagmann, P., Hag-
mann, P., 2009. Predicting human resting-state functional connectivity from struc-
tural connectivity.. Proc. Natl. Acad. Sci. USA 106, 2035-2040.

Honey, C.J., Kétter, R., Breakspear, M., Sporns, O., 2007. Network structure of cerebral
cortex shapes functional connectivity on multiple time scales.. Proc. Natl. Acad. Sci.
104 (24), 10240-10245.

Huntenburg, J.M., Bazin, P.-L., Margulies, D.S., 2018. Large-scale gradients in human cor-
tical organization. Trends Cogn. Sci. 22 (1), 21-31.

Jenkinson, M., Beckmann, C.F., Behrens, T.E., Woolrich, M.W., Smith, S.M., 2012. Fsl.
Neurolmage 62 (2), 782-790.

Jiang, T., 2013. Brainnetome: a new -ome to understand the brain and its disorders. Neu-
rolmage 80, 263-272.

Jirsa, V.K., Haken, H., 1997-01-01. A derivation of a macroscopic field theory of the brain
from the quasi-microscopic neural dynamics. Phys. D 99 (4), 503-526.

Jirsa, V.K., Sporns, O., Breakspear, M., Deco, G., Mcintosh, A.R., 2010. Towards the virtual
brain: network modeling of the intact and the damaged brain. Arch. Ital. Biol. 148,
189-205.

Kuceyeski, A., Shah, S., Dyke, J.P., Bickel, S., Abdelnour, F., Schiff, N.D., Voss, H.U.,
Raj, A., 2016. The application of a mathematical model linking structural and func-
tional connectomes in severe brain injury. Neurolmage 11, 635-647.

Margulies, D.S., Ghosh, S.S., Goulas, A., Falkiewicz, M., Huntenburg, J.M., Langs, G., Bez-
gin, G., Eickhoff, S.B., Castellanos, F.X., Petrides, M., Jefferies, E., Smallwood, J.,
2016. Situating the default-mode network along a principal gradient of macroscale
cortical organization. Proc. Natl. Acad. Sci. 113 (44), 12574-12579.

McNab, J.A., Edlow, B.L., Witzel, T., Huang, S.Y., Bhat, H., Heberlein, K., Feiweier, T.,
Liu, K., Keil, B., Cohen-Adad, J., Tisdall, M.D., Folkerth, R.D., Kinney, H.C., Wald, L.L.,
2013. The human connectome project and beyond: initial applications of 300 mT/m
gradients. NeuroImage 80, 234-245.

Meier, J., Tewarie, P., Hillebrand, A., Douw, L., van Dijk, B.W., Stufflebeam, S.M., Van
Mieghem, P., 2016. A mapping between structural and functional brain networks.
Brain Connect. 6 (4), 298-311.

Muldoon, S.F., Pasqualetti, F., Cieslak, M., Grafton, S.T., Vettel, J.M., Bassett, D.S., 2016.
Stimulation-based control of dynamic brain networks. PLoS Comput. Biol. 12, 1-23.

Nunez, P.L., 1974. The brain wave equation: a model for the EEG. Math. Biosci. 21 (3),
279-297.

Park, H.J., Friston, K.J., Pae, C., Park, B., Razi, A., 2018. Dynamic effective connectivity
in resting state fMRI. NeuroIlmage 180, 594-608.

Pinotsis, D.A., Geerts, J.P., Pinto, L., FitzGerald, T.H.B., Litvak, V., Auksztulewicz, R.,
Friston, K.J., 2017. Linking canonical microcircuits and neuronal activity: dynamic
causal modelling of laminar recordings. Neurolmage 146, 355-366.

11

Neurolmage 237 (2021) 118190

Preti, M.G., Bolton, T.A., Van De Ville, D., 2017. The dynamic functional connectome:
state-of-the-art and perspectives. NeuroImage 160, 41-54.

Preti, M.G., Van De Ville, D., 2019. Decoupling of brain function from structure reveals
regional behavioral specialization in humans. Nat. Commun. 10 (1), 4747.

Raj, A., Cai, C., Xie, X., Palacios, E., Owen, J., Mukherjee, P., Nagarajan, S., 2020. Spectral
graph theory of brain oscillations. Hum. Brain Mapp. 41 (11), 1-19.

Razi, A., Kahan, J., Rees, G., Friston, K.J., 2015. Construct validation of a DCM for resting
state fMRI. Neurolmage 106, 1-14.

Razi, A., Seghier, M.L., Zhou, Y., McColgan, P., Zeidman, P., Park, H.-J., Sporns, O.,
Rees, G., Friston, K.J., 2017. Large-scale DCMs for resting-state fMRI. Netw. Neurosci.
1 (3), 222-241.

Rehme, A.K., Grefkes, C., 2013. Cerebral network disorders after stroke: evidence from
imaging-based connectivity analyses of active and resting brain states in humans. J.
Physiol. 591 (1), 17-31.

Robinson, P.A., Zhao, X., Aquino, K.M., Griffiths, J.D., Sarkar, S., Mehta-Pandejee, G.,
2016. Eigenmodes of brain activity: neural field theory predictions and comparison
with experiment. Neurolmage 142, 79-98.

Schnitzler, A., Gross, J., 2005-04. Normal and pathological oscillatory communication in
the brain. Nat. Rev. Neurosci. 6 (4), 285-296.

Seeley, W.W., Menon, V., Schatzberg, A.F., Keller, J., Glover, G.H., Kenna, H., Reiss, A.L.,
Greicius, M.D., 2007. Dissociable intrinsic connectivity networks for salience process-
ing and executive control. J. Neurosci. 27, 2349-2356.

Sepulcre, J., Sabuncu, M.R., Yeo, T.B., Liu, H., Johnson, K.A., 2012. Stepwise connectiv-
ity of the modal cortex reveals the multimodal organization of the human brain. J.
Neurosci. 32 (31), 10649-10661.

Spiegler, A., Jirsa, V., 2013. Systematic approximations of neural fields through networks
of neural masses in the virtual brain. Neurolmage 83, 704-725.

Stam, C.J., van Straaten, E.C.W., Van Dellen, E., Tewarie, P., Gong, G., Hillebrand, A.,
Meier, J., Van Mieghem, P., 2016. The relation between structural and functional
connectivity patterns in complex brain networks. Int. J. Psychophysiol. 103, 149-160.

Van de Steen, F., Almgren, H., Razi, A., Friston, K., Marinazzo, D., 2019. Dynamic causal
modelling of fluctuating connectivity in resting-state EEG. Neurolmage 189, 476-484.

Stephan, K.E., Kasper, L., Harrison, L.M., Daunizeau, J., den Ouden, H.E.M., Breaks-
pear, M., Friston, K.J., 2008. Nonlinear dynamic causal models for fMRI. Neurolmage
42 (2), 649-662.

Stewart, 1., 1999. Holes and hot spots. Nature 401, 863-865.

Suérez, L.E., Markello, R.D., Betzel, R.F., Misic, B., 2020-04-01. Linking structure and
function in macroscale brain networks. Trends Cogn. Sci. 24, 302-315.

Tewarie, P., Abeysuriya, R., Byrne, A., O’Neill, G.C., Sotiropoulos, S.N., Brookes, M.J.,
Coombes, S., 2019. How do spatially distinct frequency specific MEG networks emerge
from one underlying structural connectome? The role of the structural eigenmodes.
NeuroIlmage 186, 211-220.

Tewarie, P., Prasse, B., Meier, J., Santos, F., Douw, L., Schoonheim, M., Stam, C., 5 Van
Mieghem, P., Hillebrand, A., 2020. Mapping functional brain networks from the struc-
tural connectome: relating the series expansion and eigenmode approaches. NeuroIm-
age 216, 116805.

Valdes, P.A., Jimenez, J.C., Riera, J., Biscay, R., Ozaki, T., 1999. Nonlinear EEG analysis
based on a neural mass model. Biol. Cybern. 81 (5), 415-424.

Varela, F., Lachaux, J.-P., Rodriguez, E., Martinerie, J., 2001-04. The brainweb: phase syn-
chronization and large-scale integration. Nat. Rev. Neurosci. 2 (4), 229-239. Number:
4 Publisher: Nature Publishing Group

Vazquez-Rodriguez, B., Suarez, L.E., Markello, R.D., Shafiei, G., Paquola, C., Hagmann, P.,
van den Heuvel, M.P., Bernhardt, B.C., Spreng, R.N., Misic, B., 2019. Gradients
of structure-function tethering across neocortex. Proc. Natl. Acad. Sci. 116 (42),
21219-21227.

Wales, D.J., Doye, J.P., 1997. Global optimization by basin-hopping and the lowest energy
structures of Lennard-Jones clusters containing up to 110 atoms. J. Phys. Chem. A
101, 5111-5116.

Wilson, H.R., Cowan, J.D., 1972. Excitatory and inhibitory interactions in localized pop-
ulations of model neurons.. Biophys. J. 12 (1), 1-24.

Xie, X., Stanley, M. J., Damasceno, P. F., 2019. Raj-lab-UCSF/spectrome: spectral graph
model of connectomes (version 0.15), zenodo. 10.5281/ZENODO.3532497

Yeo, B.T.T., Krienen, F.M., Sepulcre, J., Sabuncu, M.R., Lashkari, D., Hollinshead, M.,
Roffman, J.L., Smoller, J.W., Zéllei, L., Polimeni, J.R., Fischl, B., Liu, H., Buckner, R.L.,
2011. The organization of the human cerebral cortex estimated by intrinsic functional
connectivity.. J. Neurophysiol. 106, 1125-1165. doi:10.1152/jn.00338.2011.

Zimmermann, J., Perry, A., Breakspear, M., Schirner, M., Sachdev, P., Wen, W.,
Kochan, N.A., Mapstone, M., Ritter, P., McIntosh, A.R., Solodkin, A., 2018. Differ-
entiation of Alzheimer’s disease based on local and global parameters in personalized
virtual brain models. NeuroIlmage 19, 240-251.


http://refhub.elsevier.com/S1053-8119(21)00467-5/sbref0032
http://refhub.elsevier.com/S1053-8119(21)00467-5/sbref0032
http://refhub.elsevier.com/S1053-8119(21)00467-5/sbref0033
http://refhub.elsevier.com/S1053-8119(21)00467-5/sbref0033
http://refhub.elsevier.com/S1053-8119(21)00467-5/sbref0034
http://refhub.elsevier.com/S1053-8119(21)00467-5/sbref0034
http://refhub.elsevier.com/S1053-8119(21)00467-5/sbref0034
http://refhub.elsevier.com/S1053-8119(21)00467-5/sbref0034
http://refhub.elsevier.com/S1053-8119(21)00467-5/sbref0034
http://refhub.elsevier.com/S1053-8119(21)00467-5/sbref0034
http://refhub.elsevier.com/S1053-8119(21)00467-5/sbref0034
http://refhub.elsevier.com/S1053-8119(21)00467-5/sbref0034
http://refhub.elsevier.com/S1053-8119(21)00467-5/sbref0034
http://refhub.elsevier.com/S1053-8119(21)00467-5/sbref0035
http://refhub.elsevier.com/S1053-8119(21)00467-5/sbref0035
http://refhub.elsevier.com/S1053-8119(21)00467-5/sbref0035
http://refhub.elsevier.com/S1053-8119(21)00467-5/sbref0035
http://refhub.elsevier.com/S1053-8119(21)00467-5/sbref0035
http://refhub.elsevier.com/S1053-8119(21)00467-5/sbref0035
http://refhub.elsevier.com/S1053-8119(21)00467-5/sbref0035
http://refhub.elsevier.com/S1053-8119(21)00467-5/sbref0035
http://refhub.elsevier.com/S1053-8119(21)00467-5/sbref0036
http://refhub.elsevier.com/S1053-8119(21)00467-5/sbref0036
http://refhub.elsevier.com/S1053-8119(21)00467-5/sbref0036
http://refhub.elsevier.com/S1053-8119(21)00467-5/sbref0036
http://refhub.elsevier.com/S1053-8119(21)00467-5/sbref0036
http://refhub.elsevier.com/S1053-8119(21)00467-5/sbref0036
http://refhub.elsevier.com/S1053-8119(21)00467-5/sbref0037
http://refhub.elsevier.com/S1053-8119(21)00467-5/sbref0037
http://refhub.elsevier.com/S1053-8119(21)00467-5/sbref0037
http://refhub.elsevier.com/S1053-8119(21)00467-5/sbref0037
http://refhub.elsevier.com/S1053-8119(21)00467-5/sbref0037
http://refhub.elsevier.com/S1053-8119(21)00467-5/sbref0037
http://refhub.elsevier.com/S1053-8119(21)00467-5/sbref0038
http://refhub.elsevier.com/S1053-8119(21)00467-5/sbref0038
http://refhub.elsevier.com/S1053-8119(21)00467-5/sbref0038
http://refhub.elsevier.com/S1053-8119(21)00467-5/sbref0038
http://refhub.elsevier.com/S1053-8119(21)00467-5/sbref0038
http://refhub.elsevier.com/S1053-8119(21)00467-5/sbref0038
http://refhub.elsevier.com/S1053-8119(21)00467-5/sbref0038
http://refhub.elsevier.com/S1053-8119(21)00467-5/sbref0038
http://refhub.elsevier.com/S1053-8119(21)00467-5/sbref0038
http://refhub.elsevier.com/S1053-8119(21)00467-5/sbref0038
http://refhub.elsevier.com/S1053-8119(21)00467-5/sbref0038
http://refhub.elsevier.com/S1053-8119(21)00467-5/sbref0039
http://refhub.elsevier.com/S1053-8119(21)00467-5/sbref0039
http://refhub.elsevier.com/S1053-8119(21)00467-5/sbref0039
http://refhub.elsevier.com/S1053-8119(21)00467-5/sbref0039
http://refhub.elsevier.com/S1053-8119(21)00467-5/sbref0039
http://refhub.elsevier.com/S1053-8119(21)00467-5/sbref0039
http://refhub.elsevier.com/S1053-8119(21)00467-5/sbref0039
http://refhub.elsevier.com/S1053-8119(21)00467-5/sbref0039
http://refhub.elsevier.com/S1053-8119(21)00467-5/sbref0039
http://refhub.elsevier.com/S1053-8119(21)00467-5/sbref0039
http://refhub.elsevier.com/S1053-8119(21)00467-5/sbref0039
http://refhub.elsevier.com/S1053-8119(21)00467-5/sbref0039
http://refhub.elsevier.com/S1053-8119(21)00467-5/sbref0040
http://refhub.elsevier.com/S1053-8119(21)00467-5/sbref0040
http://refhub.elsevier.com/S1053-8119(21)00467-5/sbref0040
http://refhub.elsevier.com/S1053-8119(21)00467-5/sbref0040
http://refhub.elsevier.com/S1053-8119(21)00467-5/sbref0040
http://refhub.elsevier.com/S1053-8119(21)00467-5/sbref0040
http://refhub.elsevier.com/S1053-8119(21)00467-5/sbref0041
http://refhub.elsevier.com/S1053-8119(21)00467-5/sbref0041
http://refhub.elsevier.com/S1053-8119(21)00467-5/sbref0041
http://refhub.elsevier.com/S1053-8119(21)00467-5/sbref0041
http://refhub.elsevier.com/S1053-8119(21)00467-5/sbref0042
http://refhub.elsevier.com/S1053-8119(21)00467-5/sbref0042
http://refhub.elsevier.com/S1053-8119(21)00467-5/sbref0042
http://refhub.elsevier.com/S1053-8119(21)00467-5/sbref0042
http://refhub.elsevier.com/S1053-8119(21)00467-5/sbref0042
http://refhub.elsevier.com/S1053-8119(21)00467-5/sbref0042
http://refhub.elsevier.com/S1053-8119(21)00467-5/sbref0043
http://refhub.elsevier.com/S1053-8119(21)00467-5/sbref0043
http://refhub.elsevier.com/S1053-8119(21)00467-5/sbref0043
http://refhub.elsevier.com/S1053-8119(21)00467-5/sbref0044
http://refhub.elsevier.com/S1053-8119(21)00467-5/sbref0044
http://refhub.elsevier.com/S1053-8119(21)00467-5/sbref0044
http://refhub.elsevier.com/S1053-8119(21)00467-5/sbref0044
http://refhub.elsevier.com/S1053-8119(21)00467-5/sbref0044
http://refhub.elsevier.com/S1053-8119(21)00467-5/sbref0044
http://refhub.elsevier.com/S1053-8119(21)00467-5/sbref0044
http://refhub.elsevier.com/S1053-8119(21)00467-5/sbref0044
http://refhub.elsevier.com/S1053-8119(21)00467-5/sbref0044
http://refhub.elsevier.com/S1053-8119(21)00467-5/sbref0044
http://refhub.elsevier.com/S1053-8119(21)00467-5/sbref0044
http://refhub.elsevier.com/S1053-8119(21)00467-5/sbref0044
http://refhub.elsevier.com/S1053-8119(21)00467-5/sbref0044
http://refhub.elsevier.com/S1053-8119(21)00467-5/sbref0044
http://refhub.elsevier.com/S1053-8119(21)00467-5/sbref0044
http://refhub.elsevier.com/S1053-8119(21)00467-5/sbref0045
http://refhub.elsevier.com/S1053-8119(21)00467-5/sbref0045
http://refhub.elsevier.com/S1053-8119(21)00467-5/sbref0045
http://refhub.elsevier.com/S1053-8119(21)00467-5/sbref0045
http://refhub.elsevier.com/S1053-8119(21)00467-5/sbref0045
http://refhub.elsevier.com/S1053-8119(21)00467-5/sbref0046
http://refhub.elsevier.com/S1053-8119(21)00467-5/sbref0046
http://refhub.elsevier.com/S1053-8119(21)00467-5/sbref0046
http://refhub.elsevier.com/S1053-8119(21)00467-5/sbref0046
http://refhub.elsevier.com/S1053-8119(21)00467-5/sbref0047
http://refhub.elsevier.com/S1053-8119(21)00467-5/sbref0047
http://refhub.elsevier.com/S1053-8119(21)00467-5/sbref0047
http://refhub.elsevier.com/S1053-8119(21)00467-5/sbref0047
http://refhub.elsevier.com/S1053-8119(21)00467-5/sbref0047
http://refhub.elsevier.com/S1053-8119(21)00467-5/sbref0047
http://refhub.elsevier.com/S1053-8119(21)00467-5/sbref0048
http://refhub.elsevier.com/S1053-8119(21)00467-5/sbref0048
http://refhub.elsevier.com/S1053-8119(21)00467-5/sbref0049
http://refhub.elsevier.com/S1053-8119(21)00467-5/sbref0049
http://refhub.elsevier.com/S1053-8119(21)00467-5/sbref0049
http://refhub.elsevier.com/S1053-8119(21)00467-5/sbref0050
http://refhub.elsevier.com/S1053-8119(21)00467-5/sbref0050
http://refhub.elsevier.com/S1053-8119(21)00467-5/sbref0050
http://refhub.elsevier.com/S1053-8119(21)00467-5/sbref0050
http://refhub.elsevier.com/S1053-8119(21)00467-5/sbref0050
http://refhub.elsevier.com/S1053-8119(21)00467-5/sbref0050
http://refhub.elsevier.com/S1053-8119(21)00467-5/sbref0051
http://refhub.elsevier.com/S1053-8119(21)00467-5/sbref0051
http://refhub.elsevier.com/S1053-8119(21)00467-5/sbref0051
http://refhub.elsevier.com/S1053-8119(21)00467-5/sbref0051
http://refhub.elsevier.com/S1053-8119(21)00467-5/sbref0051
http://refhub.elsevier.com/S1053-8119(21)00467-5/sbref0051
http://refhub.elsevier.com/S1053-8119(21)00467-5/sbref0051
http://refhub.elsevier.com/S1053-8119(21)00467-5/sbref0051
http://refhub.elsevier.com/S1053-8119(21)00467-5/sbref0051
http://refhub.elsevier.com/S1053-8119(21)00467-5/sbref0052
http://refhub.elsevier.com/S1053-8119(21)00467-5/sbref0052
http://refhub.elsevier.com/S1053-8119(21)00467-5/sbref0052
http://refhub.elsevier.com/S1053-8119(21)00467-5/sbref0052
http://refhub.elsevier.com/S1053-8119(21)00467-5/sbref0052
http://refhub.elsevier.com/S1053-8119(21)00467-5/sbref0052
http://refhub.elsevier.com/S1053-8119(21)00467-5/sbref0052
http://refhub.elsevier.com/S1053-8119(21)00467-5/sbref0052
http://refhub.elsevier.com/S1053-8119(21)00467-5/sbref0052
http://refhub.elsevier.com/S1053-8119(21)00467-5/sbref0052
http://refhub.elsevier.com/S1053-8119(21)00467-5/sbref0052
http://refhub.elsevier.com/S1053-8119(21)00467-5/sbref0052
http://refhub.elsevier.com/S1053-8119(21)00467-5/sbref0052
http://refhub.elsevier.com/S1053-8119(21)00467-5/sbref0053
http://refhub.elsevier.com/S1053-8119(21)00467-5/sbref0053
http://refhub.elsevier.com/S1053-8119(21)00467-5/sbref0053
http://refhub.elsevier.com/S1053-8119(21)00467-5/sbref0053
http://refhub.elsevier.com/S1053-8119(21)00467-5/sbref0053
http://refhub.elsevier.com/S1053-8119(21)00467-5/sbref0053
http://refhub.elsevier.com/S1053-8119(21)00467-5/sbref0053
http://refhub.elsevier.com/S1053-8119(21)00467-5/sbref0053
http://refhub.elsevier.com/S1053-8119(21)00467-5/sbref0053
http://refhub.elsevier.com/S1053-8119(21)00467-5/sbref0053
http://refhub.elsevier.com/S1053-8119(21)00467-5/sbref0053
http://refhub.elsevier.com/S1053-8119(21)00467-5/sbref0053
http://refhub.elsevier.com/S1053-8119(21)00467-5/sbref0053
http://refhub.elsevier.com/S1053-8119(21)00467-5/sbref0053
http://refhub.elsevier.com/S1053-8119(21)00467-5/sbref0053
http://refhub.elsevier.com/S1053-8119(21)00467-5/sbref0054
http://refhub.elsevier.com/S1053-8119(21)00467-5/sbref0054
http://refhub.elsevier.com/S1053-8119(21)00467-5/sbref0054
http://refhub.elsevier.com/S1053-8119(21)00467-5/sbref0054
http://refhub.elsevier.com/S1053-8119(21)00467-5/sbref0054
http://refhub.elsevier.com/S1053-8119(21)00467-5/sbref0054
http://refhub.elsevier.com/S1053-8119(21)00467-5/sbref0054
http://refhub.elsevier.com/S1053-8119(21)00467-5/sbref0054
http://refhub.elsevier.com/S1053-8119(21)00467-5/sbref0055
http://refhub.elsevier.com/S1053-8119(21)00467-5/sbref0055
http://refhub.elsevier.com/S1053-8119(21)00467-5/sbref0055
http://refhub.elsevier.com/S1053-8119(21)00467-5/sbref0055
http://refhub.elsevier.com/S1053-8119(21)00467-5/sbref0055
http://refhub.elsevier.com/S1053-8119(21)00467-5/sbref0055
http://refhub.elsevier.com/S1053-8119(21)00467-5/sbref0055
http://refhub.elsevier.com/S1053-8119(21)00467-5/sbref0056
http://refhub.elsevier.com/S1053-8119(21)00467-5/sbref0056
http://refhub.elsevier.com/S1053-8119(21)00467-5/sbref0057
http://refhub.elsevier.com/S1053-8119(21)00467-5/sbref0057
http://refhub.elsevier.com/S1053-8119(21)00467-5/sbref0057
http://refhub.elsevier.com/S1053-8119(21)00467-5/sbref0057
http://refhub.elsevier.com/S1053-8119(21)00467-5/sbref0057
http://refhub.elsevier.com/S1053-8119(21)00467-5/sbref0057
http://refhub.elsevier.com/S1053-8119(21)00467-5/sbref0058
http://refhub.elsevier.com/S1053-8119(21)00467-5/sbref0058
http://refhub.elsevier.com/S1053-8119(21)00467-5/sbref0058
http://refhub.elsevier.com/S1053-8119(21)00467-5/sbref0058
http://refhub.elsevier.com/S1053-8119(21)00467-5/sbref0058
http://refhub.elsevier.com/S1053-8119(21)00467-5/sbref0058
http://refhub.elsevier.com/S1053-8119(21)00467-5/sbref0058
http://refhub.elsevier.com/S1053-8119(21)00467-5/sbref0058
http://refhub.elsevier.com/S1053-8119(21)00467-5/sbref0059
http://refhub.elsevier.com/S1053-8119(21)00467-5/sbref0059
http://refhub.elsevier.com/S1053-8119(21)00467-5/sbref0059
http://refhub.elsevier.com/S1053-8119(21)00467-5/sbref0059
http://refhub.elsevier.com/S1053-8119(21)00467-5/sbref0060
http://refhub.elsevier.com/S1053-8119(21)00467-5/sbref0060
http://refhub.elsevier.com/S1053-8119(21)00467-5/sbref0060
http://refhub.elsevier.com/S1053-8119(21)00467-5/sbref0061
http://refhub.elsevier.com/S1053-8119(21)00467-5/sbref0061
http://refhub.elsevier.com/S1053-8119(21)00467-5/sbref0061
http://refhub.elsevier.com/S1053-8119(21)00467-5/sbref0061
http://refhub.elsevier.com/S1053-8119(21)00467-5/sbref0061
http://refhub.elsevier.com/S1053-8119(21)00467-5/sbref0061
http://refhub.elsevier.com/S1053-8119(21)00467-5/sbref0061
http://refhub.elsevier.com/S1053-8119(21)00467-5/sbref0061
http://refhub.elsevier.com/S1053-8119(21)00467-5/sbref0062
http://refhub.elsevier.com/S1053-8119(21)00467-5/sbref0062
http://refhub.elsevier.com/S1053-8119(21)00467-5/sbref0062
http://refhub.elsevier.com/S1053-8119(21)00467-5/sbref0062
http://refhub.elsevier.com/S1053-8119(21)00467-5/sbref0062
http://refhub.elsevier.com/S1053-8119(21)00467-5/sbref0063
http://refhub.elsevier.com/S1053-8119(21)00467-5/sbref0063
http://refhub.elsevier.com/S1053-8119(21)00467-5/sbref0063
http://refhub.elsevier.com/S1053-8119(21)00467-5/sbref0063
http://refhub.elsevier.com/S1053-8119(21)00467-5/sbref0063
http://refhub.elsevier.com/S1053-8119(21)00467-5/sbref0063
http://refhub.elsevier.com/S1053-8119(21)00467-5/sbref0063
http://refhub.elsevier.com/S1053-8119(21)00467-5/sbref0063
http://refhub.elsevier.com/S1053-8119(21)00467-5/sbref0063
http://refhub.elsevier.com/S1053-8119(21)00467-5/sbref0063
http://refhub.elsevier.com/S1053-8119(21)00467-5/sbref0064
http://refhub.elsevier.com/S1053-8119(21)00467-5/sbref0064
http://refhub.elsevier.com/S1053-8119(21)00467-5/sbref0064
http://refhub.elsevier.com/S1053-8119(21)00467-5/sbref0065
http://refhub.elsevier.com/S1053-8119(21)00467-5/sbref0065
http://refhub.elsevier.com/S1053-8119(21)00467-5/sbref0065
http://refhub.elsevier.com/S1053-8119(21)00467-5/sbref0065
http://refhub.elsevier.com/S1053-8119(21)00467-5/sbref0065
http://refhub.elsevier.com/S1053-8119(21)00467-5/sbref0065
http://refhub.elsevier.com/S1053-8119(21)00467-5/sbref0065
http://refhub.elsevier.com/S1053-8119(21)00467-5/sbref0066
http://refhub.elsevier.com/S1053-8119(21)00467-5/sbref0066
http://refhub.elsevier.com/S1053-8119(21)00467-5/sbref0066
http://refhub.elsevier.com/S1053-8119(21)00467-5/sbref0067
http://refhub.elsevier.com/S1053-8119(21)00467-5/sbref0067
http://refhub.elsevier.com/S1053-8119(21)00467-5/sbref0067
http://refhub.elsevier.com/S1053-8119(21)00467-5/sbref0067
http://refhub.elsevier.com/S1053-8119(21)00467-5/sbref0067
http://refhub.elsevier.com/S1053-8119(21)00467-5/sbref0067
http://refhub.elsevier.com/S1053-8119(21)00467-5/sbref0067
http://refhub.elsevier.com/S1053-8119(21)00467-5/sbref0067
http://refhub.elsevier.com/S1053-8119(21)00467-5/sbref0067
http://refhub.elsevier.com/S1053-8119(21)00467-5/sbref0068
http://refhub.elsevier.com/S1053-8119(21)00467-5/sbref0068
http://refhub.elsevier.com/S1053-8119(21)00467-5/sbref0068
http://refhub.elsevier.com/S1053-8119(21)00467-5/sbref0068
http://refhub.elsevier.com/S1053-8119(21)00467-5/sbref0068
http://refhub.elsevier.com/S1053-8119(21)00467-5/sbref0068
http://refhub.elsevier.com/S1053-8119(21)00467-5/sbref0069
http://refhub.elsevier.com/S1053-8119(21)00467-5/sbref0069
http://refhub.elsevier.com/S1053-8119(21)00467-5/sbref0069
http://refhub.elsevier.com/S1053-8119(21)00467-5/sbref0070
http://refhub.elsevier.com/S1053-8119(21)00467-5/sbref0070
http://refhub.elsevier.com/S1053-8119(21)00467-5/sbref0070
http://refhub.elsevier.com/S1053-8119(21)00467-5/sbref0070
http://refhub.elsevier.com/S1053-8119(21)00467-5/sbref0070
http://refhub.elsevier.com/S1053-8119(21)00467-5/sbref0070
http://refhub.elsevier.com/S1053-8119(21)00467-5/sbref0070
http://refhub.elsevier.com/S1053-8119(21)00467-5/sbref0070
http://refhub.elsevier.com/S1053-8119(21)00467-5/sbref0070
http://refhub.elsevier.com/S1053-8119(21)00467-5/sbref0071
http://refhub.elsevier.com/S1053-8119(21)00467-5/sbref0071
http://refhub.elsevier.com/S1053-8119(21)00467-5/sbref0071
http://refhub.elsevier.com/S1053-8119(21)00467-5/sbref0071
http://refhub.elsevier.com/S1053-8119(21)00467-5/sbref0071
http://refhub.elsevier.com/S1053-8119(21)00467-5/sbref0071
http://refhub.elsevier.com/S1053-8119(21)00467-5/sbref0072
http://refhub.elsevier.com/S1053-8119(21)00467-5/sbref0072
http://refhub.elsevier.com/S1053-8119(21)00467-5/sbref0072
http://refhub.elsevier.com/S1053-8119(21)00467-5/sbref0072
http://refhub.elsevier.com/S1053-8119(21)00467-5/sbref0072
http://refhub.elsevier.com/S1053-8119(21)00467-5/sbref0072
http://refhub.elsevier.com/S1053-8119(21)00467-5/sbref0072
http://refhub.elsevier.com/S1053-8119(21)00467-5/sbref0072
http://refhub.elsevier.com/S1053-8119(21)00467-5/sbref0073
http://refhub.elsevier.com/S1053-8119(21)00467-5/sbref0073
http://refhub.elsevier.com/S1053-8119(21)00467-5/sbref0074
http://refhub.elsevier.com/S1053-8119(21)00467-5/sbref0074
http://refhub.elsevier.com/S1053-8119(21)00467-5/sbref0074
http://refhub.elsevier.com/S1053-8119(21)00467-5/sbref0074
http://refhub.elsevier.com/S1053-8119(21)00467-5/sbref0074
http://refhub.elsevier.com/S1053-8119(21)00467-5/sbref0075
http://refhub.elsevier.com/S1053-8119(21)00467-5/sbref0075
http://refhub.elsevier.com/S1053-8119(21)00467-5/sbref0075
http://refhub.elsevier.com/S1053-8119(21)00467-5/sbref0075
http://refhub.elsevier.com/S1053-8119(21)00467-5/sbref0075
http://refhub.elsevier.com/S1053-8119(21)00467-5/sbref0075
http://refhub.elsevier.com/S1053-8119(21)00467-5/sbref0075
http://refhub.elsevier.com/S1053-8119(21)00467-5/sbref0075
http://refhub.elsevier.com/S1053-8119(21)00467-5/sbref0076
http://refhub.elsevier.com/S1053-8119(21)00467-5/sbref0076
http://refhub.elsevier.com/S1053-8119(21)00467-5/sbref0076
http://refhub.elsevier.com/S1053-8119(21)00467-5/sbref0076
http://refhub.elsevier.com/S1053-8119(21)00467-5/sbref0076
http://refhub.elsevier.com/S1053-8119(21)00467-5/sbref0076
http://refhub.elsevier.com/S1053-8119(21)00467-5/sbref0076
http://refhub.elsevier.com/S1053-8119(21)00467-5/sbref0076
http://refhub.elsevier.com/S1053-8119(21)00467-5/sbref0076
http://refhub.elsevier.com/S1053-8119(21)00467-5/sbref0076
http://refhub.elsevier.com/S1053-8119(21)00467-5/sbref0077
http://refhub.elsevier.com/S1053-8119(21)00467-5/sbref0077
http://refhub.elsevier.com/S1053-8119(21)00467-5/sbref0077
http://refhub.elsevier.com/S1053-8119(21)00467-5/sbref0077
http://refhub.elsevier.com/S1053-8119(21)00467-5/sbref0077
http://refhub.elsevier.com/S1053-8119(21)00467-5/sbref0077
http://refhub.elsevier.com/S1053-8119(21)00467-5/sbref0078
http://refhub.elsevier.com/S1053-8119(21)00467-5/sbref0078
http://refhub.elsevier.com/S1053-8119(21)00467-5/sbref0078
http://refhub.elsevier.com/S1053-8119(21)00467-5/sbref0078
http://refhub.elsevier.com/S1053-8119(21)00467-5/sbref0078
http://refhub.elsevier.com/S1053-8119(21)00467-5/sbref0078
http://refhub.elsevier.com/S1053-8119(21)00467-5/sbref0079
http://refhub.elsevier.com/S1053-8119(21)00467-5/sbref0079
http://refhub.elsevier.com/S1053-8119(21)00467-5/sbref0079
http://refhub.elsevier.com/S1053-8119(21)00467-5/sbref0079
http://refhub.elsevier.com/S1053-8119(21)00467-5/sbref0079
http://refhub.elsevier.com/S1053-8119(21)00467-5/sbref0079
http://refhub.elsevier.com/S1053-8119(21)00467-5/sbref0079
http://refhub.elsevier.com/S1053-8119(21)00467-5/sbref0079
http://refhub.elsevier.com/S1053-8119(21)00467-5/sbref0079
http://refhub.elsevier.com/S1053-8119(21)00467-5/sbref0079
http://refhub.elsevier.com/S1053-8119(21)00467-5/sbref0079
http://refhub.elsevier.com/S1053-8119(21)00467-5/sbref0080
http://refhub.elsevier.com/S1053-8119(21)00467-5/sbref0080
http://refhub.elsevier.com/S1053-8119(21)00467-5/sbref0080
http://refhub.elsevier.com/S1053-8119(21)00467-5/sbref0081
http://refhub.elsevier.com/S1053-8119(21)00467-5/sbref0081
http://refhub.elsevier.com/S1053-8119(21)00467-5/sbref0081
https://doi.org/10.1152/jn.00338.2011
http://refhub.elsevier.com/S1053-8119(21)00467-5/sbref0084
http://refhub.elsevier.com/S1053-8119(21)00467-5/sbref0084
http://refhub.elsevier.com/S1053-8119(21)00467-5/sbref0084
http://refhub.elsevier.com/S1053-8119(21)00467-5/sbref0084
http://refhub.elsevier.com/S1053-8119(21)00467-5/sbref0084
http://refhub.elsevier.com/S1053-8119(21)00467-5/sbref0084
http://refhub.elsevier.com/S1053-8119(21)00467-5/sbref0084
http://refhub.elsevier.com/S1053-8119(21)00467-5/sbref0084
http://refhub.elsevier.com/S1053-8119(21)00467-5/sbref0084
http://refhub.elsevier.com/S1053-8119(21)00467-5/sbref0084
http://refhub.elsevier.com/S1053-8119(21)00467-5/sbref0084
http://refhub.elsevier.com/S1053-8119(21)00467-5/sbref0084

	Emergence of canonical functional networks from the structural connectome
	1 Introduction
	2 Theory
	2.1 Network diffusion of brain activity
	2.2 Complex Laplacian matrix

	3 Results
	3.1 Structural connectivity based functional activation patterns
	3.2 Eigenmodes of the complex Laplacian resemble CFN activation patterns
	3.3 Parameter tuning of complex Laplacian eigenmodes
	3.4 Complex Laplacian eigenmodes outperform real Laplacian eigenmodes
	3.5 Group level eigenmode analysis

	4 Discussion
	4.1 A simple yet feature-rich graph theoretic approach
	4.2 Higher predictive power than existing graph models
	4.3 Complex eigenmodes accommodate a diversity of spatial patterns
	4.4 Rich repertoire is tunable with two biophysical parameters
	4.5 Relationship to existing studies
	4.6 Limitations

	5 Conclusions
	6 Methods
	6.1 Structural connectivity network computation
	6.2 Canonical functional networks
	6.3 Global parameter optimization for individual structural eigenmodes
	6.4 Similarity analysis between canonical functional networks and cumulative linear combination of structural eigenmodes

	Code and data availability
	Credit authorship contribution statement
	Acknowledgments
	Supplementary material
	References


