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Condensation of eigenmodes in functional brain
network and its correlation to chimera state

Siyu Huo® ' & Zonghua Liu® '™

Condensation has long been a closely studied problem in statistical physics but little attention
has been paid to neural science. Here, we discuss this problem in brain networks and discover
the condensation of a functional brain network whereby all its eigenmodes are condensed
only into a few or even a single eigenmode of the structural brain network. We show that the
condensation occurs due to the emergence of both chimera states and brain functions from
the structure of the brain network. Furthermore, the condensation only appears in the regions
of chimera and the condensed eigenmodes are only limited to the lower ones. Condensation
is confirmed across different levels of brain subnetworks, including hemispheres, cognitive
subnetworks, and isolated cognitive subnetworks, which are further supported by resting-
state functional connectivity from empirical data. Our results indicate that condensation
could be a potential mechanism for performing brain functions.
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topic that has attracted a much attention. For example, it was

first shown in 1920 that Bose gas is condensed in the
momentum space when the temperature is lower than the critical
point, called the Bose-Einstein condensation (BEC). Then, it was
shown in 2001 that BEC may also occur in complex networks
where the phenomenon of “winner-takes-all" is observed in
competitive systems!. Recently work showed that there is a
condensation of the eigen microstate in nonequilibrium complex
systems such as the climate systems and ecosystems?. Thus,
condensation is generally related to phase transitions and critical
phenomena. On the other hand, it is well known that our brain
system works at a critical point that enables its significant flex-
ibility to accomplish various functions?. Thus, a natural question
arises: Does the performance of each specific brain function have
any relevance to condensation?

Understanding this is a nontrivial task since it is closely related
to the key question in brain sciences, i.e., how brain functions
emerge from brain structural networks. In fact, the understanding
of the human brain has long been a scientific endeavor®>. It is
now well known that human brain networks show a variety of
spatiotemporal patterns, which are often characterized by two
closely related aspects, i.e., structural and functional brain
networks®=8. The former can be further divided into different
subnetworks according to specific features over multiple spatial
scales, such as hemispheres and cognitive networks>%. On the
other hand, the latter reflects dynamic interactions between
functionally specialized but widely distributed cortical regions,
which are often obtained by Pearson correlations between mea-
sured EEG time series!l. One interesting question concerns how
the structural network supports the functional network and the
resulting flexible and adaptive human behaviors. Significant
achievements have been made in the fields of nonlinear dynamics
and complex networks. It was found that the unique topology of
brain networks plays key roles in the emergence of collective
behaviors, such as chimera state, remote synchronization, clus-
tering synchronization, and remote propagation!2-14. More spe-
cifically, the chimera state represents the coexistence of one
completely synchronized part and another completely desyn-
chronized part that has been intensely studied in neuronal net-
works. Prior work showed that there are many chimera-like
behaviors in neuronal functions, including unihemispheric sleep,
neural bumps, and even some pathological diseases such as
Parkinson’s disease, Alzheimer’s disease, etc.!>-18. Notably, the
chimera state was confirmed in the human brain network in 2016
that the default-mode network in one hemisphere is kept more
vigilant to wake the sleeper up as a night watch upon detection of
deviant stimuli, called the first-night effect in human sleep, when
humans sleep in a novel environment!?.

Similarly, Bansal et al. further presented a chimera-based fra-
mework to explore how large-scale brain architecture affects brain
dynamics and function®. They found that the emergent dyna-
mical patterns across predefined cognitive systems are closely
related to structural variability, which are termed cognitive chi-
mera states. However, it remains unclear how these chimera states
are produced by the brain structural network. Therefore, we study
this problem from the perspective of eigenmode analysis and find
an interesting phenomenon of condensation, i.e., all eigenmodes
of a functional brain network are condensed to a few or even a
single eigenmode of the structural brain network in the region of
chimera states. This finding reveals a potential mechanism for
describing brain functions.

Spectral graph theory has been used to study the relationship
between structural and functional networks?0, where it was not
apparent at the node-pair level but rather at the level of the eigen-
spectra of the brain graph. By this method, it was shown that the

I n statistical physics, condensation has long been an interesting

eigenvectors of the connectome Laplacian are good predictors of
functional eigenvectors?0-23, Recently, eigenmode analysis was
extended to investigate the joint contribution of hierarchical
modular structural organization and critical state to brain func-
tional diversity?42>,

In this work, we use eigenmode analysis to study the under-
lying mechanism of cognitive chimera states. We find that in the
region of chimera states, all the eigenmodes of a functional brain
network may be condensed to a few or even a single eigenmode of
structural brain network and the condensed eigenmodes are
limited to lower modes. Furthermore, we show that the con-
tributions of structural eigenmodes satisfy distinct distributions in
the regions of chimera and nonchimera states, ie., a power law
distribution describes the former while an exponential distribu-
tion describes the latter. These results are confirmed across dif-
ferent levels of brain subnetworks, such as hemispheres, cognitive
subnetworks, isolated cognitive subnetworks, as well as by the
empirical data of resting-state functional connectivity (rsFC), thus
indicating a close relationship between the condensation of
eigenmodes and the chimera state.

A neural mass model of a brain network

To study the dynamics of the brain network, we adopt the net-
worked dynamics model of Ref. 8. For the network substrate, we
employ the weighted network of the cerebral cortex from the data
of Refs. 2627, which is further divided into N=989 connected
cortical regions (ROIs). Each ROI is regarded as a network node,
and the connections between all possible pairs of ROIs were
measured noninvasively by diffusion spectrum imaging (DSI).
Additional details are provided in the Methods section. With this
approach, a connection between two ROIs was derived from the
number of fibers found by the tractography algorithm, which
results in 17,865 connections. The obtained network consists of
N, =496 nodes in the right hemisphere and N;=493 nodes in
the left hemisphere, and its Nx N connection matrix {Wp} is
weighted®. Fig. 1a, b show the distribution of nodes and the
connection matrix {Wp}, respectively.

For the node dynamics, we adopt the neural mass model
describing the mean field activity of a neuronal populationZ8:2%,
This low-dimensional model with biologically plausible interac-
tions between excitatory and inhibitory neural populations can
generate oscillations in the alpha band (~10 Hz) and is used to
represent resting brain states’?. Increasing evidence shows that
the local circuits in the cortical regions are not identical’! but
display heterogeneity in neuronal density and spine density etc.
However, modeling the regions with a simplified assumption of
identical neural mass oscillators allows us to focus on the effect of
the underlying network architecture on the dynamical patterns.
The dynamical equations of identical neural mass oscillators are
coupled to the underlying cortical network as

¥ = Aaf (v —v)) — 2a — a®V],
¥ = BbC,f(C31%) — 2bi — b*vi,

" c (1
V8 =Aa[Cof (C,V) +p; + ;]Zl Wyt — 1) — )]
1=
—2a¥$ — av;,
where I=1,--- , N, /, v} and ¢ are the postsynaptic membrane

potentials for three subpopulations (pyramidal neurons, inhibi-
tory and excitatory interneurons) of node-I. The sigmoid function
flv) converts the average membrane potential into an average
pulse density of action potentials (spikes), which propagate
among subpopulations within each node and between
nodes through synaptic coupling. The parameters A and B
represent the average synaptic gains, 1/a and 1/b are the average
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Fig. 1 Different levels of brain networks and their connectivity matrices.
The dynamics are calculated for a global brain network. a-d global brain
network, e-h right hemisphere, and i-I the cognitive network of the medial
default mode. The first row of a, e, and i represents the node distributions
of the three cases on the cerebral cortex, where the red dots represent the
nodes and their locations. The second row of b, f, and j represents the
connection matrix {W;;} of the three cases. The network size is N =989 in
b, N,=496inf, and N,, =172 inj. The third row of ¢, g and k represents the
phase diagrams of R on the parameter space 7 — ¢ plane for the three cases,
respectively, with 7 being the time delay and ¢ being the coupling strength.
The four rows of d, h, and I represent the phase diagrams of go on the
parameter space 7 — ¢ plane for the three cases, respectively.

dendritic-membrane time constants. C; and C,, C; and C, are the
average number of synaptic contacts among the subpopulations.
A more detailed interpretation and the standard parameter values
of this model can be found in?%2°. In this work, we follow Ref. 2°
to take the parameters as cc=135,Cl =cc, C2=10.8¢cc,C3 =
0.25cc, C4 =0.25cc, A=3.25,B=22,a=100,b=50, and p;=
180.  The  sigmoid  function  takes the  form
f(v) = 2¢,/(1 + e""0V), where v, is the post-synaptic potential
corresponding to a firing rate of ey, and r is the steepness of the
activation, with the parameters as v, = 6, ey = 2.5, and r = 0.56 as
in Refs. 2829, Wy, is the coupling matrix with the real connection
weights from the data of Refs. 2627. The coupling strength ¢ is
normalized by the mean intensity w; across the nodes, where
wy = Zy Wy is the total input weight to node-I. 7 is the time
delay for interregional signal transmission, which is assumed to
be common for different links. In physical brains, the finite signal
transmission speed leads to measurable time delays, especially
through those links traversing the corpus callosum and gyrus,
where such delays can be up to several tens of milliseconds32-3%,
To study the dynamics of Eq. (1), we perform extensive
numerical simulations by choosing different 7 and c¢. As in
Refs. 2829, we take the average potential u; = v¢ — v} to repre-
sents the local field potential. We find that various dynamic
patterns emerge from the underlying brain structural network
under different pairs of parameter settings (7, c); see Fig. S2 in
Supplementary Note 1 for typical patterns. An efficient index to
describe these dynamics is the order parameter R defined by
Eq. (2). Fig. 1c shows the phase diagram of R on the parameter
space 7 — ¢ plane for the global brain network, with N;=N in

Eq. (2). We observe that the states of 0 <R< 1 only appear in a
narrow region with ¢ is proportional to 7. Beyond this narrow
range, the state will be either disorder (R=0) in the upper-left
part or synchronized (R = 1) in the lower-right part. In the nar-
row range of 0 <R <1, we find that the spatiotemporal patterns
are similar to the chimera patterns of Fig. S2 in Supplementary
Note 1, i.e., coexistence of synchronization and dyssynchroniza-
tion, indicating this to be a region of chimera states.

To conveniently characterize the chimera state, Kemeth et al.
introduced an index g, defined by Eq. (4) describes the fraction of
synchronization0. Fig. 1d shows the phase diagram of g.
Comparing it with Fig. 1c, we observe similar patterns, con-
firming that the chimera states exist only in the narrow region,
with ¢ being proportional to 7.

It is therefore natural to ask whether it is possible to observe
results similar to those of Fig. lc, d at the hemispherical level.
This question is not trivial, as the damage to specialized brain
regions results in behavioral impairments, even though most
major brain functions remain intact, as exemplified by famous
clinical case studies such as Phineas Gage* and H.M.>. To study
this problem, we run the dynamics of the global brain network
but calculate the quantities R and g, only for the subnetwork of
the right hemisphere. Fig. 1g and h show the results where R and
Qo are calculated only for the nodes on the right hemisphere, i.e.,
N;= N, in Egs. (2) and (4). We observe that their phase diagrams
are similar to Fig. 1lc, d, respectively, confirming the brain
functions in the right hemisphere. Correspondingly, Fig. le, f
show its nodes’ distribution and connection matrix {W;},
respectively.

However, individual brain functions are in fact performed by
cognitive networks rather than the global network or broader
hemispheres; thus, it is more appropriate to study the phase
diagrams of R and g, at the level of cognitive networks. Toward
this goal, we follow Ref. ? to classify the brain network into eight
cognitive networks; see Figs. S4 and S5 in Supplementary Note 1
for details. Then, we calculate the phase diagrams of R and g, for
each cognitive network. Interestingly, we observe similar results
as in Fig. ¢, d for each cognitive network. As an example, Fig. 1k,
1 show the results for the cognitive network of medial default
mode with the number of total nodes N,, =172. Correspond-
ingly, Fig. 1i, j show its nodes’ distribution and connection matrix
{W}, respectively. In summary, from the third and fourth rows of
Fig. 1 shows that chimera states can be observed in all three levels
of the brain network and their chimera regions in the parameter
space T — ¢ plane are consistent with each other, indicating that
some hidden feature exists.

Results

Case of a globally connected brain network. We now discuss the
condensation of eigenmodes of a functional brain network.
Numerically, we first calculate all the time series u(t) from Eq. (1)
for I=1,2,--- ,N and then follow Eq. (7) to obtain S.(j) step by
step. However, we find that the contribution S.(1) from the trivial
eigenmode with A, = 0 is always relatively large for different (7, ¢)
and thus prevent us from obtaining useful information from
other structural eigenmodes. To overcome this problem, we fol-
low Ref. 24 to artificially set S.(1) = 0.1, noting that this procedure
does not have a significant impact on the results. In this way,
Fig. 2a and b show the distribution of S.(j) for two typical cases,
where the parameters are taken as (¢=5.3,7=19) in (a) and
(c=03,7=9) in (b). We observe from Fig. 2a that there is a
dominant S.(12) (i.e., the dot in the red circle for visualization),
which is much larger than others, indicating that the functional
network is mainly a result of the contribution of the twelfth
structural eigenmode. We denote this as condensation on the

COMMUNICATIONS PHYSICS| (2023)6:285 | https://doi.org/10.1038/s42005-023-01405-8 | www.nature.com/commsphys 3


www.nature.com/commsphys
www.nature.com/commsphys

ARTICLE

COMMUNICATIONS PHYSICS | https://doi.org/10.1038/s42005-023-01405-8

2><104 2x1o3
0
.., _Nf @y _ .
g 3"
1 a 10 . 1 & 02 =
L e . o
10° % 50" 107 10° 10° 10" 10° 10°
0 o — C 0 e o C
989 1 R 248 496 ) 86 172
%10 X10
5 5
@ o)
12f P 4 g
[-% = .
. o . 10 .
800| 0.6 1070200 400 2 0 60 120
it it R Y
989 0-07 248 296 01 86 172

j j j
Fig. 2 The contributions S.(j) of the j-th structural eigenmode for the
cases of typical condensation and noncondensation. The insets represent
their distributions P(S.). The first row represents the case of typical
condensation where there is a significant S.(j) in each panel, i.e., the dot in the
red circle, which is much larger than the others. The second row represents
the case of noncondensation where there is no significant S.(j) in each panel.
a, b represent the case of a global brain network corresponding to Fig. 1a,
where the parameters are takenas (c=5.3,7=19) inaand (c=0.3,7=9) in
b. ¢, d represent the network of the right hemisphere corresponding to Fig. Te,
where the parameters are taken as (c=5.3,7=21) incand (c=19,7=9) in
d. e, f represent the cognitive network of medial default mode corresponding
to Fig. 1i, where the parameters are taken as (c=7.3,7=22) in e and
(c=M.5,7=10) in f.

twelfth structural eigenmode. In contrast, we observe from Fig. 2b
that there is no dominant S.(j), indicating no condensation.

To better understand this condensation phenomenon, we
calculate the distribution of S.j) for each set of S.(j)
(j=1,2,--+ ,N). The insets of Fig. 2a, b show their distributions,
P(S,), respectively. In the inset of Fig. 2a, we interestingly find that
P(S,) depends linearly on S, in the log-log plot, indicating that the
distribution P(S,) is a power law. In the inset of Fig. 2b, we further
find that P(S,) depends linearly on S, in the log-linear plot but not in
the log-log plot, indicating that the distribution P(S,) is exponential.
Therefore, the distributions P(S,) in the regions of the chimera state
and nonchimera state are fundamentally different. The human
brain is evidenced to be near the critical state when the power law
distribution is one of its characteristic features®. Therefore, the
power law of P(S,) in Fig. 2a may imply that condensation is in fact
a possible mechanism for describing brain function.

We therefore ask: Do the observations in Fig. 2a, b also exist at
the levels of hemispheres and cognitive networks? To address this
question, Fig. 2¢, d show the results of the right hemisphere, with
(¢=53,7=21)in (c) and (c=1.9,7=9) in (d). The data clearly
show that there are dominant S.(5) in Fig. 2c (see the dot in the
red circle) but no dominant one in (d), confirming the
condensation in (c). The insets of Fig. 2¢, d also show that the
distribution P(S,) is a power law in (c) but exponential in (d),
confirming again that condensation is closely related to the power
law distribution. Similarly, we find the condensation and power
law distribution for the cognitive network of the medial default
mode, as shown in Fig. 2e and (f), where the dominant mode in
(e) is S.(2) (see the dotted red circle). This type of condensation
on a single structural eigenmode is more of an outlier; more
general cases describe the condensation on a few structural
eigenmodes, as shown by Fig. S9 in Supplementary Note 2.A.

Figure 2a-f only depict a few typical sets of parameters (7, c).
To perform a full study on the phase plane of (7, c), we notice
from Fig. 2a, b that S.(j) has a much larger fluctuation in (a) than

in (b), indicating that we can use the standard deviation o(7, ¢) =

\/ ﬁzjlil (SC(/')— (SC(]')))2 as an index to help us understand

(a)ZO

Fig. 3 Three extra indices characterize the condensation. ¢, .., and 1.,
represent the standard deviation, the maximum structural eigenmode, and
the ratio of the contribution of the maximum structural eigenmode to the total
contribution of all the structural eigenmodes, respectively. The first to third
columns represent the cases of the global brain network, the right
hemisphere, and the cognitive network of medial default mode, respectively.
a-c represent the phase diagrams of o(z, ¢) on the parameter space 7 — ¢
plane, where a-c correspond to the cases of Fig. 1a-c, respectively.

d-f represent the phase diagrams of r,,,4 corresponding to a-c, respectively.
and g-i distributions of j,,.x corresponding to a-c, respectively.

condensation. Based on this index, Fig. 3a-c show the phase
diagrams of o(7, ¢) on the parameter space 7 — ¢ plane, where (a)-
(c) correspond to the cases of Fig. 1d, h, and L. Interestingly, we
find that Fig. 3a-c are similar to Fig. 1d, h, and 1, respectively,
indicating that the regions of larger deviation in Fig. 3a-c are
closely related to the narrow regions of chimera states in Fig. 1d,
h, and 1.

Considering that a larger deviation may also be induced by a
large fluctuation rather than condensation, we need to introduce
some extra indices. For this purpose, first determine the
maximum of S.(j) for each pair of (r,¢) and let it be S.(jax)-
Then, we let 7,,.,. = S.(j,uux)/ Zszl S.(j) be the index, i.e., the ratio
of S:(jmax) to the sum of S.(j). A larger r,,,, will represent a
stronger degree of condensation. Fig. 3d-f shows the phase
diagrams of r,,,, corresponding to (a—c), respectively. Comparing
Fig. 3d-f with a—c, we see that they are consistent with each other,
indicating that a larger o(7, ¢) corresponds to a larger 7,,,,,.

It is also interesting to study the condensed eigenmode, i.e.,
Jmax- For this purpose, Fig. 3g-i show the distributions of j,;,,
corresponding to a-c, respectively. Each phase diagram is clearly
divided into three distinct “red", “blue” and “black" regions, which
respectively indicate a clear boundary between the condensed
region and the disordered region or between the condensed
region and the synchronized region. Notably, all the blue regions
have smaller values of j,,,, implying that condensation is limited
only to the lower structural eigenmodes.

Based on these three indices of 0, j,,. and 7,,,,, we find a one-
to-one correspondence between the condensation of Fig. 3 and
the chimera states of Fig. 1. For the synchronization, we have
R=1and gop=1in Fig. 1 and 0 =0 in Fig. 3. For the disordered
state, we have R=0 and g, = 0 in Fig. 1 and r,,,, =0 in Figure 3.
For the chimera states, we have 0 <R <1 and 0< g, <1 in Fig. 1
and the maximum o and 7,,,, but lower j,,,, in Fig. 3. These
correspondences indicate that there is a close relationship
between the chimera state and condensation.

Moreover, it is useful to show a few condensed structural
eigenmodes for visualization. For this purpose, Fig. 4 shows six
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Fig. 4 Six typical condensations with the lower condensed eigenmodes.
a-c and d-f represent the case of global brain network with
(c=0.325,7=16) in a-c and (c = 0.025, 7 =16) in d-f, g-i and j-I the case
of right hemisphere with (c=0.15,7=16) in g-i and (c=0.85,7=15) in
j-1, and m-o, and p-r the case of the cognitive network of medial default
mode with (c=0.775,7=17) in m-o0 and (c=0.75,7=15) in p-r. The left
column of a, d, g j, m, and p represents the spatiotemporal patterns from
Eq. (1), and the middle column of b, e, h, k, n, and q the condensed
structural eigenmodes, and the right column of ¢, f, i, I, 0, and r shows the
visualization of the structural eigenmodes of the middle column.

typical condensations where (a-c) and (d-f) represent the case of
global brain network, (g-i) and (j-1) the case of right hemisphere,
and (m-o) and (p-r) the case of the cognitive network of medial
default mode. The left column of (a), (d), (g), (j), (m) and (p)
represents the spatiotemporal patterns from Eq. (1), the middle
column of (b), (e), (h), (k), (n) and (q) the condensed structural
eigenmodes, and the right column of (c), (f), (i), (1), (o) and (r)
the visualization of the structural eigenmodes of the middle
column. We observe that all the spatiotemporal patterns are
typical chimera states and that all the condensed structural
eigenmodes V; are limited to the smaller eigenmodes with j < 12,
confirming again that the condensation is limited only to the
lower structural eigenmodes.

Case of isolated cognitive subnetworks. As mentioned in the
previous section, not all of the nodes in the global brain network
are activated for a specific task. Rather, only those nodes within a
concrete cognitive subnetwork are activated. Supporting evidence
for this claim includes that populations of neurons in the mam-
malian cerebral cortex are continuously active during purposeful
behavior, as well as during resting and sleep*!. These cognitive
networks are most commonly detected in the resting state, task-
focused behavior, or across both behavioral states. In this sense,
the inactive nodes do not take part in the activities of Eq. (1) and
should be removed from the network matrix W. Here, we follow
this concept to consider only the connections within a cognitive
network while removing all those connections between this cog-
nitive network and the other seven cognitive networks, i. e,
creating a case of isolated cognitive networks. After this opera-
tion, we surprisingly find that for all the eight cognitive networks
in Figs. S4 and S5 in Supplementary Note 1, only the three net-
works of the medial default mode, motor & somatosensory, and
visual systems are well connected as a whole, while the other five
networks are divided into several separated parts, indicating that
they are not suitable candidates for eigenmode analysis (see
Supplementary Note 1). Thus, we hereby only focus on the three
networks of the medial default mode, motor & somatosensory,

(a) 20

15

Fig. 5 Phase diagrams for the case of isolated cognitive networks. Phase
diagrams on the parameter space 7 — ¢ plane where the first to third
columns represent the three networks: medial default mode, motor &
somatosensory, and visual systems, respectively. These three cognitive
networks are strongly connected and thus are suitable candidates for
eigenmode analysis. a-c represent the phase diagrams of R on the
parameter space 7 — ¢ plane for the three cases, respectively. d-f represent
the phase diagrams of o(z, ¢) on the parameter space = — c plane,
corresponding to a-¢, respectively. g-i represent the phase diagrams of r,,qx
corresponding to a-c, respectively. and j-I distributions of jux
corresponding to a-c, respectively.

and visual systems but discuss the other five cognitive networks in
Supplementary Note 2B. In detail, we perform the same steps of
Egs. (1) and (2) to discuss the dependence of the order parameter
R on the parameters 7 and c. Fig. 5a-c shows the phase diagrams
of R on the parameter space 7 — ¢ plane, where (a—c) represent
the cases of the medial default mode, motor & somatosensory,
and visual systems, respectively. Comparing Fig. 5a with its cor-
responding to Fig. 1k, we see that they are similar to each other,
indicating that the feature of the chimera state remains
unchanged.

Furthermore, we perform the same steps of Eq. (7) to discuss
the dependence of the functional eigenmodes on the structural
eigenmodes. We interestingly find that the condensation can still
be observed. Fig. 5d-1 shows the results of o(, ¢), 7,0 and jax
where the first, second, and third columns represent the cases of
the medial default mode, motor & somatosensory, and visual
systems, respectively, and the second, third, and fourth rows
represent the values of 0(7,¢), Tpue and jua. respectively.
Comparing the panels of Fig. 5 each other, we see that all of
these panels have a specific narrow region where ¢ is proportional
to 7. We also notice that these narrow regions of Fig. 5 are similar
to that of the third column of Fig. 3. Therefore, the isolated
networks can also show the features of condensation in the same
parameter region as that embedded in the global brain network.
Therefore, we conclude that condensation may be an intrinsic
feature of brain functioning and a new window to understand the
microscopic mechanism of brain functions.

Similar to Fig. 4, we hereby also show examples of typical
condensations for the cases of isolated networks. Fig. 6 shows the
results where (a-c) and (d-f) represent the case of the medial
default mode with (¢ =0.525,7=15) in (a-c) and (c=0.725,
7=14) in (d-f), (g-i) and (j-1) the case of the motor &
somatosensory with (¢ =0.025,7=17) in (g)-(i) and (¢=0.55,
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Fig. 6 Condensations for the case of isolated cognitive networks. Six
typical condensations with the lower condensed eigenmodes for the three
networks of Fig. 5 where a-c and d-f represent the case of the medial
default mode with (¢=0.525,7=15) in a-c and (c=0.725,t=14) in
d-f, g-i and j-I the case of the motor & somatosensory with
(c=0.025,7=17) in g-i and (c=0.55,7=16) in j-I, and m-o and p-r the
case of the visual system with (c=0.05,7=15) in (m)-(o) and
(c=0.15,7=13) in p-r. The left column of a, d, g, j, m, and p represents the
spatiotemporal patterns from Eqg. (1), and the middle column of

b, e, h, k, n and q the condensed structural eigenmodes, and the right
column of ¢, £, i, I, 0, and r shows the visualization of the structural
eigenmodes of the middle column.

Sc :
: 248 4% 01 .
j j j

Fig. 7 Evidence of condensation from the empirical data of resting-state
functional connectivity (rsFC)27. a, b represent the case of global brain
network, ¢, d the case of right hemisphere, and e, f the case of medial default
mode system. The first row represents the matrices {f;} of empirical rsFC of the
three networks, and the second row represents their contributions S.(j) of the j-
th structural eigenmode, where the insets represent their distributions P(S,).

7=16) in (j-1), and (m-o0) and (p-r) the case of the visual system
with (c=0.05,7=15) in (m-0) and (¢=0.15,7=13) in (p-r).
The left column of (a), (d), (g), (j), (m) and (p) represents the
spatiotemporal patterns from Eq. (1), the middle column of (b),
(e), (h), (k), (n) and (q) represents the condensed structural
eigenmodes, and the right column of (c), (f), (i), (), (o) and (r)
shows the visualization of the structural eigenmodes of the middle
column. We observe that all the spatiotemporal patterns are
typical chimera states and that all the condensed structural
eigenmodes V; are limited to smaller eigenmodes such as j<3,
confirming that condensation is only focused on the smaller
structural eigenmodes.

Case of empirical brain network. Finally, we provide some
experimental evidence in support of our proposed condensation

mechanism. For this purpose, we consider the empirical data of
resting-state functional connectivity (rsFC) from Ref. 27, which
corresponds to the structural network of Fig. 1b. Fig. 7a shows the
matrix {F;} of the empirical rsFC. Correspondingly, Fig. 7c, e
show the matrices of the right hemisphere and medial default
mode from (a), respectively. Then, we follow Eq. (7) to calculate
the contributions S.(j) of the j-th structural eigenmode for the
three networks of Fig. 7a, ¢, and e. Fig. 7b, d, and f show the
results corresponding to a, ¢, and e, respectively, where the insets
represent their distributions P(S.). We observe that all three
distributions P(S.) are power law, confirming this previously
observed feature of the critical state3. We also notice that there
are several largest S.(j,;.0r) With smaller j,,,, in Fig. 7b, d, and f,
confirming the previously observed condensation on a few lower
structural eigenmodes.

Conclusion
Based on our results, we offer key takeaways:

(i) Condensation and power law distributions have been
revealed for both brain networks including globally coupled
and isolated cognitive networks, indicating that the
functions of these networks are intrinsic features of brain
operation. As the region of condensation is the same as that
of chimera states in the 7 — ¢ plane, the condensation and
chimera state may share a close relationship to the
condensation process. In this sense, the condensation
process may elucidate a possible mechanism for how a
brain function is performed.

(ii) We propose a nonlinear diffusion model of Eq. (1) with
biologically relevant time delays, in contrast to the linear
diffusion models without time delays in previous spectral
graph analysis?0-2°. It is easy to notice from Fig. 8a, b that
the edge weights W;; are exponentially distributed and
spanned several orders of magnitude. The authors of
Refs. 2627 reasoned that interregional physiological effica-
cies would not span such a large range and thus they
resampled the fiber strengths into a Gaussian distribution.
The resampling process was as follows: given E raw data
values xj,x,, -+ ,Xg, they generated E random samples
11,13, -+ , g from a unit Gaussian distribution. Then, they
replaced the smallest raw data value with the smallest
randomly sampled value, the second-smallest raw data

(a)9s9

(b)

log(W,) 10

1k

™ 496

(c)9s9

"= 496

Fig. 8 Edge weights Wj; of the structural brain network. a, b represent the
raw data ¢, d represent the case of the resampled data. All these data are
from Refs. 26:27,
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value with the second-smallest randomly sampled value,
and so on until all raw data values are replaced. This set of
E resampled data was then rescaled to a mean of 0.5 and a
standard deviation of 0.1. More details are available in
Refs. 2627, Fig. 8¢, d show the connectivity matrix W;; and
its distribution for the resampled data. It is easy to see from
Fig. 8d that W;; has a mean of 0.5. By carefully checking
these data and letting each of the 998 ROIs be a node, we
surprisingly find that there are 9 isolated nodes, which have
no connections to other nodes. These 9 nodes are
consistently isolated in both the raw and resampled data.
Considering the connection feature of the network, we
remove these 9 isolated nodes, yielding a structural brain
network of size N=989 nodes (N,=496 and N;,=493
nodes in the right and left hemisphere, respectively). In
total, there are 17865 links.

Others have noted that chimera states are inextricably
related to cognitive function of brain*>43, while we here
show that the chimera states in Fig. 1 are closely related to
the condensations in Fig. 3, indicating a potential relation-
ship between condensation and brain functioning. Further-
more, we see from Fig. 3g-i that their condensed
eigenmodes are approximately In(j,,,.) ~ 3.5,3.0 and 2.5,
respectively, indicating that the cognitive network has the
smallest condensed eigenmodes. In this sense, we conclude
that the condensation of the cognitive network is similar to
the observations reported in21-23. Moreover, we observe
from Fig. 3a-f that in the regions of condensation, the
degree of condensation increases with the time delay 7 for a
fixed ¢ but decreases with increasing coupling c for a fixed 7.
Thus, the parameters ¢ and 7 take the key role of
temperature in BEC.

(i)

Except for these aspects, there are limitations of our findings in
terms of the emergence of brain functions. For example, it is well
known that different brain functions are performed by different
cognitive networks, implying that different input signals can be
distinguished by different local parts of brain structural network.
However, our results do not study this aspect of brian function. In
addition, specific brain function usually involves multimode signals
and thus may depend on the cooperation of multiple cognitive
networks, which remains an open question for further studies.

Thus far, all the results are based on the specific brain network
of 989 nodes. In this sense, it is necessary to verify whether these
results are robust across different parcellations. For this purpose,
similar condensation scenarios have been found for a brain net-
work of smaller scale, i.e., 76 nodes across nine cognitive systems
(resting-state networks®). We provide further details in Supple-
mentary Note 3. Therefore, our results are robust to the topolo-
gies of brain structural networks.

Finally, we notice that biologically, the time delay is not a
constant but depends on the distance between two nodes in the
brain network. To discuss the effect of distributed time delays,
we have considered the case in Supplementary Note 4 that the time
delay ;; between nodes i and j is determined by 7;; = d;;/v, where d;;
represents the distance between the nodes i and j and v is the
conduction speed. We find that the distribution of time delays does
have influence on the chimera states, but the close relationship
between the condensation and chimera states still exists.

In conclusion, we used a structural network representation of
the brain combined with a computational model of regional brain
dynamics to study how structural eigenmodes are related to
functional brain states. Specifically, we study the relationship
between eigenmodes and chimera states. By considering a neural
mass model of a population with a time delay, We show that
chimera states can only be observed in an optimal region.

Surprisingly, we reveal a phenomenon of condensation in this
optimal region where all the functional eigenmodes are con-
densed to a few or even a single structural eigenmode, but not in
the nonoptimal region. The condensed eigenmodes are usually
limited to the lower structural eigenmodes and the contributions
of structural eigenmodes satisfy a power law distribution in the
optimal region but demonstrate an exponential distribution in the
nonoptimal region. Moreover, we show that condensation also
appears in different levels of brain subnetworks, such as hemi-
spheres and cognitive subnetworks, and even in isolated cognitive
subnetworks and the empirical rsFC, indicating that condensation
is a potential mechanism of broader brain function. Moreover,
condensation may even be an intrinsic feature of brain func-
tioning, which proposes a new framework for understanding the
microscopic mechanism of brain functions.

Methods

A structural brain network with edge weights of Gaussian
distribution. For the network substrate, we employ the weighted
network of the cerebral cortex from the data of Refs. 2627, which
was obtained by two steps. In the first step, 5 healthy right-
handed male participants (age 29.4 + 3.4 years) were scanned on
an Achieva 3T Philips scanner and a high-resolution. The
T1-weighted gradient echo sequence was acquired in a matrix of
512 %512 % 128 voxels of isotropic 1 — mm resolution. Then,
following diffusion spectrum and T1-weighted MRI acquisitions,
the segmented gray matter was partitioned into 66 anatomical
regions according to anatomical landmarks using FreeSurfer
(surfer.nmr.mgh.harvard.edu) and 998 ROIs. White matter trac-
tography was performed with a custom streamline algorithm, and
finally, fiber connectivity was aggregated across all voxels within
each of the 998 predefined ROIs. Further details are available in
Refs. 2627, Fig. 8a shows the connectivity matrix W;; among the
998 ROIs, which is color coded by edge weights. Correspondingly,
Fig. 8b shows the distribution of W,

It is easy to notice from Fig. 8a, b that the edge weights W;; are
exponentially distributed and spanned several orders of magni-
tude. The authors of Refs. 2927 reasoned that interregional
physiological efficacies would not span such a large range and
thus they resampled the fiber strengths into a Gaussian
distribution. The resampling process was as follows: given E
raw data values x;, x,, --+ , xg, they generated E random samples
T, 7 ,7g from a unit Gaussian distribution. Then, they
replaced the smallest raw data value with the smallest randomly
sampled value, the second-smallest raw data value with the
second-smallest randomly sampled value, and so on until all raw
data values are replaced. This set of E resampled data was then
rescaled to a mean of 0.5 and a standard deviation of 0.1. More
details are available in Refs. 26:27, Fig. 8c, d show the connectivity
matrix W;; and its distribution for the resampled data. It is easy to
see from Fig. 8d that W;; has a mean of 0.5.

By carefully checking these data and letting each of the 998
ROIs be a node, we surprisingly find that there are 9 isolated
nodes, which have no connections to other nodes. These 9 nodes
are consistently isolated in both the raw and resampled data.
Considering the connection feature of the network, we remove
these 9 isolated nodes, yielding a structural brain network of size
N =989 nodes (N, =496 and N, =493 nodes in the right and left
hemisphere, respectively). In total, there are 17865 links.

Measures of chimera state. To characterize the dynamic patterns
of Eq. (1), we introduce an order parameter R as follows:

1N
—ﬁgeleja (2)
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where R characterizes the phase coherence, ¢ is the average phase,
and 0; is the phase of oscillator j, and N, is the number of
oscillators. The value of R will be zero for a disordered state and
unity for synchronized state and in between for chimera states.
The phase variable of a general nonlinear oscillator not neces-
sarily having a well-defined rotational center can be obtained
based on the general idea of the curvature*4*>, namely, 0, =
arctan(v/1¢) in our system.

As R describes the phase coherence of the whole system but not
the coexistence of synchronized and desynchronized parts,
Kemeth et al. introduced a quantity g, to describe the fraction
of synchronization in the chimera state#(. Their idea is based on
the local curvature for the spatial coherence, represented by the
second derivative in the case of one spatial dimension. In this
case, of one dimension, the local curvature D can be calculated as

Df = f(x + Ax,t) — 2f (x,t) + f(x — Ax, t), 3)

where f represents the spatial data on a snapshot at time t. Let D, be
the maximal value of |Df|. D,, represents the curvature of the
oscillator with its two neighbors being shifted 180° in phase*C. Thus,
|Df| will be distributed between 0 and D,,,. We see from Eq. (3) that
|Df] equals zero in the synchronous regime and finite values with
pronounced fluctuations in the desynchronized regime.

Letting ¢ be the normalized probability density of |Df], g(|Df] = 0)
is the fraction of spatially synchronous regimes. Thus, g(|Df| =0) is
unity for a complete synchronized state and zero for a complete
desynchronized state, and a value between zero and unity for a
chimera state. As numerical simulations have fluctuations, it was
suggested that those points with |Df] < 0.01D,, should be considered
synchronized, and otherwise desynchronized*’. That is, the fraction
of coherent regions can be calculated by

5
&wzlgmwwwu

with § = 0.01D,,,. Therefore, we have gy =1 for complete coherence,
go = 0 for desynchronization, and 0 < g, < 1 for chimera states.

(4)

Method of eigenmode analysis. To determine the hidden feature
in the third and fourth rows of Fig. 1, we turn to the framework of
eigenmode analysis?0-23. Tts idea is as follows. For the weighted
connection matrix Wy in Eq. (1), we let L=D— W be the
Laplacian matrix, where D is the diagonal weighted degree
matrix?>24. Then, the Laplacian matrix can be decomposed as
L=VAVT, where A are the structural eigenvalues in ascending
order and V are the eigenvectors. Specifically, the first eigenmode
withA; =0and V|, = ﬁ(l, 1,---, I)T represents a homogeneous

state in which all nodes are equally involved, i.e., synchronization.
Similarly, we can perform eigenmode analysis for functional net-
works. For this purpose, we first calculate the network dynamics
uft) I=1,2,--- ,N) from Eq. (1) for each pair of parameters (7, c)
in Fig. 1(c) and then calculate all the Pearson correlation coeffi-
cients between any two of these N time series to obtain the func-
tional brain network F*. After that, the matrix F will be
decomposed as F= UAUT, where U represents the functional
eigenvectors and A denotes the eigenvalues in ascending order?42>.

Considering that the structural eigenvectors V' are mutually
orthogonal with V]V, = 1 and V'V, = 0, we may use them as a
set of orthogonal bases to represent a N dimensional variable,
such as U. In this way, we have

N
U, = ]Z:l m;V,

i=12,---,N) (5)

where (m;;) is the transformation matrix with E}il (m,-j)2 =1and

can be calculated by m; = VjTUi. Thus, m;; represents the

i

coefficient of projecting the functional eigenvector U; onto the
structural eigen eigenvector V;. Meanwhile, left-multiplying U] to
Eq. (5), we have
u T & I 2
1= j; mU; V; = jgl my(V; U;) = j; (my)”, (6)
indicating that m;; satisfies the normalization condition.

Based on the projection coefficient m;;, the contribution of the
j-th structural eigenmode to the network dynamics through the i-
th functional mode can be represented by (Aimij)zz“’zs. Thus, the
contribution of the j-th structural eigenmode to the functional

network can be measured by its contribution over all the
functional modes

™)

For a dynamic pattern with a set of specific parameters (1, ¢),
the values of S.(j) will be different for different j, i.e., a distributed
Sc(j). For different sets of parameters (7, c), the eigenvalues A; will
be different, and thus, their distributions of S.(j) will also be
different.

N 2
S.0) = 3 (Am)”.
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