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Effect of cognitive training on brain dynamics
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The human brain is highly plastic. Cognitive training is usually used to modify functional connectivity of brain
networks. Moreover, the structures of brain networks may determine its dynamic behavior which is related to human
cognitive abilities. To study the effect of functional connectivity on the brain dynamics, the dynamic model based on
functional connections of the brain and the Hindmarsh—-Rose model is utilized in this work. The resting-state fMRI data
from the experimental group undergoing abacus-based mental calculation (AMC) training and from the control group are
used to construct the functional brain networks. The dynamic behavior of brain at the resting and task states for the AMC
group and the control group are simulated with the above-mentioned dynamic model. In the resting state, there are the
differences of brain activation between the AMC group and the control group, and more brain regions are inspired in the
AMC group. A stimulus with sinusoidal signals to brain networks is introduced to simulate the brain dynamics in the task
states. The dynamic characteristics are extracted by the excitation rates, the response intensities and the state distributions.
The change in the functional connectivity of brain networks with the AMC training would in turn improve the brain response
to external stimulus, and make the brain more efficient in processing tasks.

Keywords: brian dynamics, functional brain networks, cognitive training, abacus-based mental calculation

PACS: 87.19.]j, 87.19.11, 87.19.1e

1. Introduction

The human brain is composed of billions of neurons in
various levels of complex structures. Revealing the relation-
ship between complex structures and functions of the brain is
one of the current focuses of neuroscience. Sudrez et al. built
artificial neural networks with the network structures of brain
regions.!!) The networks have shown stronger performance in
the memory coding task than any other networks, which in-
dicates that the network structures are essential for the brain
to perform tasks efficiently. The work by Kanaka et al. re-
vealed that a randomly connected recurrent neural network
(RNN) can carry out memory work by modifying certain con-
nections of the network and a signal is transmitted through
the interaction between synapse and external input. It means
that the neural signal sequence may emerge through learn-
ing from the unstructured network architectures./?! Therefore,
flexible and variable connections of brain regions are neces-
sary for the brain to realize various cognitive tasks. At present,
most of the whole-brain dynamics researches have focused on
the synchronization or chimera state among brain regions by
the interaction between the coupled nodes with the structural
brain network. 3! Tt is lack to understand how the structures
in brain networks affect the overall performance of the brain,
and how the information contained in the network structures
is expressed through dynamic activities.

In terms of cognitive experiments, it is known that the
human brain is highly plastic.[®! Cognitive training can lead to
the modification of the brain’s functional excitation mode and
achieve better task performance. Abacus-based mental calcu-
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lation (AMC) is one of typical cognitive training method.[’-"!
Previous studies have shown that the resting-state functional
connections between the brain regions of the subjects would be
changed by long-term abacus mental arithmetic training./1%-'1]
The experiments demonstrated that AMC training can en-
hance the subjects’ numerical processing efficiency!'?! and
improve their working memory.[!3 Based on task-state fMRI,
it was found that the brain excitation patterns and functional
structures between brain regions for the experimental group
with AMC training are different from those for the control
group.!'*! The overall performance of the brain is determined
by the network structures and node dynamics.!'>% Up to date,
most AMC researches are focused on revealing the correlation
between cognitive abilities and functional structures. The in-
fluence of functional connections on brain dynamics is rarely
reported. How functional connectivity affects the overall dy-
namics of the brain remains unclear.

Brain activity not only is based on structural networks,
but also depends on factors such as external stimuli and neuro-

>171 1t is found that some brain regions are

transmitter levels.!
not directly connected in structure, but they show function-
ally relations,!'8! which means that the functional networks
are the embodiment of brain interaction after various factors
are coupled. Therefore, we utilize the functional brain net-
works as the connection structures of brain regions in our
work. The resting-state fMRI data of the AMC group and the
control group are collected to establish the functional networks
and dynamic behaviors of functional networks from the AMC

group and the control group are investigated in this work. In-
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deed, small networks based on simple oscillators are also ca-
pable of reproducing the collective dynamics of the brain and
are expected to be used for disease-related simulations.!'°! For
example, whole brain dynamics simulations based on the FHN
model are able to demonstrate spontaneous brain activity. [?]
Like the FHN model, the Hindmarsh—Rose (HR) model has a
wealth of dynamic characteristics from single neuron to neu-
ron clusters and is often used in brain dynamics modeling.[>!]
The neural network model based on neuron models can repro-
duce EEG-like oscillatory signals.*?! Mitchell et al. used the
same method to reproduce the process of seizures in mice.?3]
Chouzouris et al. and Kang et al. used the HR model and FHN
model to replace a brain region to study the synchronization
and chimera state of brain.[?*?3] Ramlow et al. used the FHN
model to study unihemispheric sleep in the human brain. 0]
A similar approach was used in the early diagnosis of brain
tumors.'?’! Antonopoulos et al. verified that the brain evolves
by maximizing its information flow capacity through HR neu-

(281 Focusing on dynamic modeling based on

ral networks.
brain networks, Santos et al. discovered chimera-like states in
cat brain networks with the HR model. Our previous study has
demonstrated that the dynamics of the resting-state brain can
be simulated using the HR model and functional networks. [*°]
Ansarinasab et al. used the HR model and functional networks
based on EEG signals to identify chimera states in both atten-
tion deficit hyperactivity disorder (ADHD) patients and con-
trol groups. In the presence of emotional stimuli, the ADHD
group exhibited premature synchronization, leading to abnor-

mal brain emotional processing function. 3!

In view of wide applications of the HR model, it is fea-
sible to replace one brain region with the HR model in the
brain networks. A complete brain dynamics model can be
constructed on the basis of functional connections of the brain
and the HR model. Our previous work proved that this model
can well simulate the dynamic behavior of the brain at resting
state.[*”) Using this model, we try to study the dynamic dif-
ferences between the AMC group and the control group, and
reveal the functions of AMC training on brain dynamics.

The rest of this article is structured as follows. The
resting-state functional brain networks are introduced in Sec-
ond 2. In Section 3, the resting-state brain network dynam-
ics model is described and simulations are conducted. The
task-state brain dynamics model is given in Section 4, and the
dynamic differences between the AMC group and the control
group are pointed out too. The differences in the topological
structure of the resting-state functional networks between the
AMC group and the control group are analyzed in Section 5.
The conclusion is given in Section 6.

2. Functional brain networks of the resting-state

The structures of functional networks in the resting-
state are similar to those in the task-induced states to some
extent,3-3?] and the task-related activation patterns can be
explained partly by the functional connections between brain
regions in the resting state.’*! In order to study the effect of
functional connectivity on brain dynamics, we collect fMRI
data of 25 subjects trained by AMC and other 24 subjects as
a control group. The data are measured in the resting state.

Table 1. Regions of interest included in the AAL-atlas (45 in each cerebral hemisphere, 90 in total, odd/even numerical order for left/right hemisphere).

Number Full name Abbreviation Number Full name Abbreviation
1,2 Precentralgyrus PreCG 47,48 Lingualgyrus LING
3.4 Superiorfrontalgyrus (dorsal) SFGdor 49,50 Superioroccipitalgyrus SOG
5,6 Orbitofrontalcortex (superior) ORBsup 51,52 Middleoccipitalgyrus MOG
7,8 Middlefrontalgyrus MFG 53,54 Inferioroccipitalgyrus 10G

9,10 Orbitofrontalcortex (middle) ORBmid 55,56 Fusiformgyrus FFG
11,12 Inferiorfrontalgyrus (opercular) IFGoperc 57,58 Postcentralgyrus PoCG
13,14 Inferiorfrontalgyrus (triangular) IFGtriang 59,60 Superiorparietalgyrus SPG
15,16 Orbitofrontalcortex (inferior) ORBinf 61,62 Inferiorparietallobule IPL
17,18 Rolandicoperculum ROL 63,64 Supramarginalgyrus SMG
19,20 Supplementarymotorarea SMA 65,66 Angulargyrus ANG
21,22 Olfactory OLF 67,68 Precuneus PCUN
23,24 Superiorfrontalgyrus (medial) SFGmed 69,70 Paracentrallobule PCL
25,26 Superiorfrontalcortex (medialorbital) ORBsupmed 71,72 Caudate CAU
27,28 Rectusgyrus REC 73,74 Putamen PUT
29,30 Insula INS 75,76 Pallidum PAL
31,32 Anteriorcingulategyrus ACG 717,78 Thalamus THA
33,34 Mediancingulategyrus DCG 79,80 Heschlgyrus HES
35,36 Posteriorcingulategyrus PCG 81,82 Superiortemporalgyrus STG
37,38 Hippocampus HIP 83,84 Temporalpole (superior) TPOsup
39,40 Parahippocampalgyrus PHG 85,86 Middletemporalgyrus MTG
41,42 Amygdala AMYG 87,88 Temporalpole (middle) TPOmid
43,44 Calcarinecortex CAL 89,90 Inferiortemporalgyrus ITG
45,46 Cuneus CUN
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The corresponding functional networks in the resting-state are
constructed. All subjects are from urban families, have normal
hearing, normal or corrected vision, no neurological or mental
disorders, and no special educational assistance requirements.
Participants in the experimental group and the control group
are randomly selected. The details about the experiment can
be found in Ref. [34].

Different templates for brain regions would lead to dif-
ferent number of nodes and topology structures in brain
networks.>>) We believe that the main dynamic properties
would be similar in different templates. In order to make com-
parisons with previous studies, we used the widely adopted
AAL template, %! which divides the brain into 90 regions as
shown in Table 1. The correlations between brain regions are
expressed by Pearson correlation. The correlation coefficient
matrix of the functional brain network for a subject is denoted
by R. R;; is the correlation coefficient between the i-th and
Jj-th brain regions.

Usually, there are individual differences in functional
connections among subjects.[>”! To highlight the changes in
brain functional connectivity caused by AMC training and to
avoid the influence of individual differences, we take an aver-
age on functional connections for different groups, that is, two
averaged correlation coefficient matrices are obtained for the
AMC group and the control group. The correlation coefficient
matrices are shown in Fig. 1.
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Fig. 1. Correlation coefficient matrices of the control group and AMC
group. Left: the control group. Right: the AMC group.

In addition, in constructing a functional brain network,
experimental noise should be removed while the connection
density between brain regions is in a reasonable range to en-
sure that there are no isolated nodes. It is therefore necessary
to select a threshold T for the correlation coefficient matrix.
When the absolute value of the correlation coefficient R;; is
less than 7, it is considered that there is no functional con-
nection between the two brain regions, and the R;; is turned
to be 0. For averaged correlation coefficient matrices of the
AMC group and the control group, we choose threshold T as
0.22 based on the following criteria: no isolated nodes and
a connection density of approximately 20% in networks. The
matrices after thresholding are shown in Fig. 2. It can be found
that the connection structures of brain networks for the AMC
group and the control group are similar, but not identical.
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Fig. 2. The correlation coefficient matrices of the control group and the
experimental group after threshold processing. Left: the control group.
Right: the AMC group.

3. Resting-state brain dynamics
3.1. Model of resting-state brain dynamics

The HR model can exhibit most dynamic properties ob-
served at the level of real neurons, such as regular and irregu-
lar spiking and bursting, and at the level of the collective brain
behaviors. In order to explore the influence of functional con-
nections between brain regions on the dynamic activities of
the brain, the HR model is introduced to functional brain net-
works of the AMC group and the control group. A dynamics
model for a resting-state functional brain network was estab-
lished by using the HR model instead of brain regions and the
correlation coefficients between brain regions as the connec-
tion weights.?”! The dynamics model can be expressed as

90
(o}
i = yi— ax +bxf =2+ hias + g Y Wi,
J=1

, o 0
Vi=c—dx; —yit oz Y Wiyj,
90 &
zi = rls(x—x) — 2z,
R“
WijZ{ lé:

where x; represents the cortical electrical signal of the i-th

if |Rij| > T,
otherwise,

ey

brain region, and a, b, c, d, r, s, and x, are model param-
eters; Iy, is the bias current, which regulates the intensity
of dynamic activity of brain regions; ¢ is the gain coeffi-
cient, which regulates the connection strength between brain
regions. The parameters are set as follows, a = 1.0, b = 3.0,
c=1.0,d=5.0,s=4.0, r=0.0006, x, = —1.56, Iyj,s = 1.6,
and o = 1.2. We find that all brain regions in the functional
brain networks of the AMC group and the control group ex-
hibit bursts of spikes, as shown in Fig. 3(a). Different from
a single HR model, the nodes in the networks show obvi-
ous entrainment behavior, that is, the fast oscillations of the
encoded signals are mixed with lower frequency oscillations,
which is an effective means for information transmission be-

(38,391 The dynamic behavior shown in Fig. 3(a)

tween neurons.
is consistent with the remote communication mode in the

brain, in which low-frequency resonances determine the long-
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distance information exchange while high-frequency oscilla-
tions characterize the local neural activities in the brain. [40]

We perform Fourier transform on the cortical electrical
signal of brain regions. Fourier transform of Fig. 3(a) is shown
in Fig. 3(b). Compared with the resting state EEG signal
shown in Fig. 3(c), it can be found that the spectrum character-
istics of the cortical electrical signal generated by our model
is consistent with that of the resting state EEG signals.

In order to analyze the dynamic characteristics of brain
regions, we count the spikes in bursts. In accordance with the
patterns of node bursts, the time width of the burst is defined
as the interval from the time when the potential, denoted as x,
exceeds the threshold of —1.3 to the time when it falls below
the threshold of —1.3 (ending the bursting discharge). Addi-
tionally, within this bursting discharge interval, a spike was
confirmed when the potential change goes from negative to

positive.

The spikes in bursts are almost stable or random in some
brain regions, while in other brain regions spikes in bursts look
similar periodic, as shown in Figs. 4(a)-4(c). In order to dis-
tinguish the dynamic behavior of the brain regions, we make
spatial transformation on the spikes according to the following

equation:

N—1
F(k) = Zb)r;)MneiZn:kn/N 7 @)
where M, represents the number of spikes in the n-th burst, and
N represents the total number of bursts. The results of spatial
transformation on the spikes are shown in Figs. 4(d)—4(f). The
dynamic behavior of brain regions can be divided into the sta-
ble mode, the chaotic mode, and the periodic mode.
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Fig. 3. (a) The signal of PUT(R) of control group. (b) Spectrum distribution of PUT(R)’s signal. (c) Typical resting-state EEG
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Fig. 4. The numbers of spikes and their spatial transformations of different modes (control group). [(a), (d)] IFGoperc(L), stable
mode. [(b), ()] TPOsup(R), chaotic mode. [(c), (f)] PUT(R), periodic mode.

3.2. Results of resting-state dynamics

Our previous work revealed that the brain regions in peri-
odic mode are active ones.*”! Under the same parameter set-
tings, we obtain all activated brain regions of the AMC group
and the control group. As shown in Fig. 5, the AMC group
and the control group have four common activated brain re-
gions under the same parameter settings, namely CAU(L,R)

and PUT(L,R) brain areas. CAU and PUT form the basal gan-
glia, which play an important role in advanced cognitive activ-
ities such as learning, memory, reward, motivation, emotion,
and romantic interaction.*!*?l Meanwhile, the AMC group
has other three activated brain regions which are AMYG(L),
and THA(L,R). Further analysis revealed that the activated
brain regions in both the AMC group and the control group
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are located in the basal ganglia. Previous research indicates
that the basal ganglia network is similar to the default mode
network and is one of the main activation areas in the resting-
state brain.[*3] More brain regions are inspired in the AMC
group. It is confirmed that AMC training induces functional
changes in brain activation and such plasticity may be trans-
ferable beyond the AMC.[**) Wang et al., based on task-based
fMRI, confirmed similar group difference of the activation re-
gions between the AMC group and the control group, and the
difference was closely related to the subjects’ performance in
the n-back task. [**

Our dynamical simulations based on the resting-state
functional brain network prove that the differences of brain
activation between the AMC group and the control group ex-
ist. Since the parameter settings of our dynamic model are the
same for both the AMC group and the control group, we guess
that the group differences on the activation of brain regions are
caused by the different connectivity of their functional brain
networks.

GAuL N CKUR "' CAUR
* ,OQ LG -, $U;P’L° B@roTr
2N PUT.R
L 4{, y AMYG.L
gy \\ - a THA L 'i‘!THA.R
Sty s
R %y \ Ve o 44
e N \ %

Fig. 5. (a) Activated brain area of control group, (b) activated brain area
of AMC group, plotted with BrainNet Viewer.*]

4. Task state brain dynamics
4.1. Dynamic characteristics of task states

Transcranial alternating current stimulation (tACS) can
induce brain activation or inhibition and has been widely cited
in studies related to brain dynamics.!*®! For example, tACS at
the appropriate frequency induces phosphenes, activating the

[47]

visual cortex.'"”! We therefore add sinusoidal signals to brain

networks to simulate the brain dynamics in the task states. The
dynamic model of the brain is transferred as follows:

90

. c

Xi = yi— ax; +bx; — 2+ lyjas + ot + % Y Wixj,
=

) o 0
i = ¢ —dx; —YH-% Y Wijyi,
j=1

7xr) - Zi]a
Iexy = 48 x sin(27 x t /cycle), 3)

Zi = r[s(x,-

where I is an external sine stimulus, and the other param-
eters are the same as those used in Section 3. After adding

the sinusoidal signals, the activities of most brain regions be-
come periodic mode. The result further demonstrates that the
periodic mode is a kind of active performance. We count the
excitation rate (the proportion of brain regions in the periodic
mode) and the response intensity (the average dynamic inten-
sity of brain regions obtained under Fourier transform at the
same cycle as the external sinusoidal signals). The response
intensity represents the synchronization of networks.

As shown in Fig. 6(a), when the cycle of the sinusoidal
signals is near 150 (the time length in the HR model), the dy-
namics of the brain networks varies significantly. At small
cycle, the excitation rates of the AMC group and the control
group are similar, and both show high excitation rates. When
the cycle is about 150 or above 150, the periodic mode is sup-
pressed, and the AMC group exhibits a higher excitation rate
than the control group. The response intensities at different
cycles are plotted in Fig. 6(b). The response intensity is de-
pendent on the cycle. When the cycle is less than 150, the
response intensity displays positive correlation with the cycle,
and the response intensity of the AMC group is lower than
that of the control group. When the cycle is greater than 150,
the response intensities of the two groups are relatively stable,
while the response intensity of the AMC is higher than that of
the control group.
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Fig. 6. (a) The excitation rates. (b) The average response intensities.

4.2. State space analysis

The state space is a two-dimensional space shaped by the
average time width of the bursts and the average number of
spikes in the bursts, and is used to describe the communica-
tion behavior between the neuron clusters.*8! We introduce
the state space to find out the origin of the dynamic differences
between the AMC group and the control group. We mark the
dynamic behaviors of all brain regions for the AMC group and
the control group with the stimulus of sinusoidal signals at dif-
ferent cycles in the state space, as shown in Fig. 7.

Analyzing the distributions of brain region activities in
the state space, one can observe that obvious mode switching
exists for both groups as the cycle of sinusoidal signals in-
creases, as shown in Figs. 7(a)-7(c). In the state space, the
power exponents of the state distributions of the brain activ-
ities evolve from positive to negative as the cycle of sinu-
soidal signals increases. The power law is strong evidence
that the brain works near a critical state.[*¥! Based on multi-
ple datasets, Fontenele et al. found that the critical exponents
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point to a universality class different from mean-field directed
percolation.*”! Further research by Fosque et al. revealed that
as external stimuli drive the cortex, quasi criticality predicts
a departure from criticality along a Widom line with expo-
nents that decrease in absolute value, while still approximately

maintaining a dynamical scaling relation. %]
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Fig. 7. The distributions of brain activities in the state space with the
stimulus of sinusoidal signals at different cycles: (a) cycle = 8, (b) cycle
=150, (c) cycle = 256. (d) Exponent distribution over cycles.

Near the transition points between positive and negative
exponents, the average excitation rates of both groups decrease
rapidly as shown in Fig. 6(a). The response intensity repre-
sents the synchronization of networks. From Fig. 6(b), one
can find that the overall synchronization of the brain networks
for both groups has positive correlation with the cycle below
the transition points and reach the maximum near the transi-
tion points. We define the states of brain networks with a high
excitation rate and positive power exponent as the overall task
states, and others are the critical state with high synchronous
oscillation.

As shown in Fig. 6, the AMC group has a higher exci-
tation rate, but a lower response intensity during the overall
task states than the control group, which means that the AMC
group can do tasks with less concussion and higher efficiency
by integrating the functional brain networks. The difference
of the power exponents between the AMC group and the con-
trol group shown in Fig. 7(d) indicates that the AMC group
exhibits the overall task states in longer length of cycles, that
is, the AMC group has stronger ability to perform task. In ad-
dition, the power exponents with different cycles also show a
power law, which indicates further that the brain works near
the critical state.

Previous research showed that AMC training can lead to

a change in the excitation patterns of the subjects’ brain,[%!!]

(131 and improve the efficiency

strengthen working memory,
of numerical processing.!'>°!l Evidence shows that these
changes may be transferable beyond the AMC.** Our simu-
lations based on functional brain networks confirm the differ-
ences of brain dynamics between the AMC group and control
group, and AMC training can enhance the abilities of subjects
to perform tasks. Since we use the same models for the AMC
group and control group, our results indicate that the differ-
ences of brain dynamics come from the change of functional

structures in brain networks by AMC training.

5. Graphy theoretical analysis of resting-state
functional networks

Because the parameter settings for each node are consis-
tent in our dynamic model, the differences in the overall and
local dynamics of the network are attributed to differences in
network structure only. Here, we use graph theory metrics to
further analyze the differences in the topological structure of
the resting-state functional networks between the AMC group
and the control group. We calculate the connection density,
connection strength, clustering coefficient, and characteristic
path length for both networks. The specific definitions of these
metrics are as follows:

Connectivity density The ratio of connections between
brain regions to the possible number of connections, i.e., the
proportion of non-zero elements in the correlation coefficient
matrix after thresholding.

Connection strength The connection strength of a node
represents the average strength of its connections to all other
nodes. The network’s connection strength is the average of the
connection strengths of all nodes, i.e., the mean of the correla-
tion coefficient matrix after thresholding.

Clustering coefficient The clustering coefficient of a
node is the ratio of the number of triangles formed by the node
with other nodes to the total possible number of triangles. The
network’s clustering coefficient is the mean of the clustering
coefficients of all nodes, representing local efficiency.

The characteristic path length The shortest path length
of a node is the average number of minimum connecting edges
required for it to be connected to other nodes. The network’s
characteristic path length is the mean of the shortest path
lengths for all pairs of nodes, representing global efficiency.

The topological characteristics of the AMC group and
the control group networks are shown in Fig. 8. Compared
to the control group, the AMC group exhibits higher connec-
tion strength and connection density. Furthermore, the AMC
group has a higher clustering coefficient and a lower short-
est path length, indicating higher local and global efficiency.
We believe that this optimization in network connectivity is
the reason for the improvement in the dynamics of the AMC

group.
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Fig. 8. Differences in graph theory metrics between the networks of
the control group and the AMC group: (a) connection density, (b) con-
nection strength, (c) clustering coefficient, (d) the characteristic path
length.

6. Conclusion

The dynamic behaviors of the brain at the resting and task
states for the AMC group and the control group are simulated
with the dynamic model established based on functional brain
networks and the HR model. For the resting state, besides
the common activated brain regions, more brain regions are
inspired in the AMC group. A stimulus with sinusoidal sig-
nals to brain networks is used to simulate the brain dynamics
in the task states. The dynamic characteristics are extracted
by the excitation rates, the response intensities and the state
distributions. Observing these quantities at different cycles of
sinusoidal signals, obvious mode switching exists near the cy-
cle of 150 for both groups. The state distributions of brain in
the state space are expressed as a power law. The power ex-
ponents are dependent on the cycle of the external signals and
turn from positive power exponent to negative ones as the cy-
cle of the external signals increases. The transition points are
near the cycle of 150. It is confirmed that brain works near a
critical state. The AMC group displays a more extended active
period in the overall task states, suggesting superior capabili-
ties of task performance.

Since the dynamic parameters of each brain region are
consistent during the experimental process, the differences in
dynamics between the AMC group and the control group are
attributed to differences in network connectivity only. Analy-
sis reveals that compared to the control group, the AMC group
has a higher network clustering coefficient and a smaller char-
acteristic path length, indicating better local and global effi-
ciency. We believe that the optimization in network structure
is a potential reason for the superior dynamic performance of
the AMC group. Our work proves that the changes in the
functional structures of the brain with AMC training make the
dynamic behaviors of subjects more efficient. The research
method in this work can be used to simulate dynamic behavior
of the brain and evaluate its dynamic performance.
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