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Abstract - Electroencephalogram (EEG) have played an important role for studying the neurocognitive function such as 
delta and theta oscillations. In this study, we focused on modelling theta and delta two types of EEG signals by developing 
large-scale brain network model (LSBNM), consisting of eight brain regions areas (network nodes) in the left hemisphere. 
Each network node is simulated by a local neural model of Jansen and Rit (JR). The coupling of network nodes is 
constrained by the structural connectome for constructing the structural layout of the brain network model .The goal of this 
model was to simulate different rhythms of EEG ranging from delta to theta depending on the variations of parameters of JR 
model .The modelling and simulating are conducted with The Virtual Brain (TVB), a novel platform for modelling brain 
dynamics. Our result shew that the model is enable to simulate multi-bands of EEG: delta –range frequency of (2-3 Hz) and 

theta at frequency of 5Hz. This study can serve the clinical doctors and researchers to understand and study slow oscillation 
activity of EEG. 
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I. INTRODUCTION 

 

Human brain is a complex neuronal network 

consisting of about 1011 neurons with an estimated 

2×1014 synaptic connections. From the interaction 

between a large groups of neurons, the electrical 

brain activity is generated which can be measured 

with one of the special types of techniques such as 

Electroencephalography (EEG). EEG measurement 

are used in medical and research areas for diagnosing 

epilepsy disorders, sleeping problems and 

neurocognitive disorders, such as Alzheimer’s disease 

(AD), dementia and other [4], [12]. Generally, in 
normal person, the EEG rhythmical activities  is 

divided into five major frequency bands: delta –range 

frequency of  1–4 Hz, theta- range frequency of 4–7 

Hz, alpha -range frequency of  7–13 Hz, beta-range 

frequency of  13-30  Hz and gamma- frequency 

typically higher than 30 Hz [17]. Simulating the 

electrical activity in the human  brain is done using 

various modelling approaches .Recently, brain 

network models (BNM) have been used to simulate 

dynamics of cortical neural activity at a multiscale by 

incorporating human connectome  [8,14,15] with 
mathematical models of neural mass that capture the 

dynamic activity in the cerebral cortex . BNM has 

been involved effectively to understanding neuronal 

activity in human brain and it has been unique 

capability to predict and integrate neuronal activity at 

multi-scale, for excellent review see Breakspear, 

2017[3]. Also, it has been indispensable role for 

simulating the functional magnetic resonance 

imaging (fMRI) data and investigating the effect of 

altered brain anatomical connectivity on fMRI 

functional connectivity [11] as well as for 

understanding the structure–functional connectivity in 

the human brain [10]. Furthermore, a lot of researcher 
have used the BNM method to understanding 

dynamics of resting state by combining the local 

dynamics generated from neural mass models with 

the structural connectivity [9]. Other models of 

resting state activity  have also been investigated on 

the role of time delays and noise in shaping dynamics 

of resting state [5]. 

More recently, related works with BNM approach 

have been applied using TVB platform to study 

disease states and to simulate the BOLD signal in 

stroke [6,7], to model large-scale brain dynamics in 

tumor patients [1], or simulating the alpha band of 
EEG in the frequency range (7-12HZ) [2]. 

This article focuses on theta and delta rhythmic 

activities modelling and simulation. The proposed 

model comprised of eight cerebral areas at different 

lodes in the left hemisphere. Each area is  modellded 

by neural masses oscillations  of the Jansen and Rit 

(JR) model thatdescribed the activity of each area 

coupled through the connectome, which used to 

construct the structural layout of the brain network 

model. We focused particularly on the influence of 

JR model parameters on the behaviour of our model 
according to change different settings of some 

parameters based on previous study [2]. Our result 

showed that model can simulate the theta and delta 

rhythmic activity using simulation platform TVB. 

 

II. MODELLING WITH THE VIRTUAL BRAIN 

(TVB) 

 

TVB is unique platform for simulating the large scale 

brain activity of brain network model (BNM) by 

coupling global dynamics with local dynamics of 

neural mass models. This coupling is constrained by 
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structural connectivity or- so-called human 

connectome. The modelling approach implemented in 
TVB [see ref.18] is a similar notation as in ref [19] 

that is mathematical representation of generic 

evolution equation of BNM .This equation is 

described by delayed differential system of a network 

of coupled neural populations. In particular, our 

equation of temporal dynamics of BNM is computed 

by summing its intrinsic local dynamics of JR model 

(see section 2.3) and long-range structural 

connectivity considering time delays (see section 

2.2). Figure 1 is shown the evolution equation of our 

brain network model used in this study .The 

implementation of our simulating the large scale 
brain activity of brain network model NM is 

performed in TVB as sequential steps[ see ref.16] 

.The first step was building large scale structural 

connectivity (connectome) ,consisting of eight brain 

areas  and given by two connectivity matrices 

(weights and lengths) representing connections 

strengths between eight regions and time delays via 

signal transmission between eight network nodes (See 

section 2.2) .The second step was importing own 
eight regions connectivity to TVB simulator in order 

to simulate model including selection of local model 

of JR with its original parameterization (Jansen-Rit, 

[13]) (see section 2.3 for more details). The next step 

was to join the local dynamics of JR model over the 

connection described in structural connectivity and to 

transform the neural activity from source nodes (i.e. 

cortical areas) into target node, the coupling function 

was used. Here, all simulations was utilised the linear 

function with a slope a = 4.2e-12   and conduction 

velocity in 4mm/ms through our network.  After that, 

selection integration scheme used for applying to the 
coupled set differential equations. Here using Hen’s 

method with step size of 0.01220 ms. The model 

output from simulation was selected as time series of 

EEG depend on integration of local and global 

dynamics.  The final step is providing simulation 

length, we used the default values in TVB of 1000 

ms. 

 

 
Figure 1:  Our Equation used to simulate the large scale brain activity implemented in TVB. (A), Evolution equation is represented 

temporal dummies of an area i at time t. This equation is depended on the local dynamics of JR model ƒ (zi (t)) and long-range 

structural connectivity w that links areas i and j,and is described by connectivity matrix( weights)  and time dealy between areas. 

Weights are scaled by global coupling c.(B),Equetions comprising JR model . Eq (1) is represented transfer functions, Eq(2) is 

represened sigmoid function and Eq(3) is described the model ouput written as a set of six differential equations ( See section 2.3).  

 

2.1 Human Connectome:  Large Scale 

Connectivity 

In this study, we used structural connectome, large 

scale connectivity obtained from hybrid a DSI data 

and the CoCoMac matrix [14, 15].This human 
connectome is included in the TVB platform 

comprising the left and right hemispheres, each of 

them consist of 38 cortical regions.  In practical, we 

chosen eight cerebral areas in the left hemisphere and 

in the different lobs (see Figur.2 and Table.1). Based 

on the default connectome in TVB, we built the large-

scale connectivity for eight cortical regions. This 

connectivity is formalized by the weights matrix that 

is weighted the strength of the connection between 

the six brain areas by integer values from 0 ,1,2 and  

3 for  no connection, weak connection, moderate and 

strong connection respectively (see Figure 3), while 

delays matrix is computed by dividing the distance 

matrix, D, and the transmission speed, c.  

 
Figur.2: Lobes of the brain 
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Table 1.Regions Labels and names in the left hemisphere chosen from connectome 

 

 
Figure 3: Structural Connectome included in TVB .Left: 3-D view of a  connectivity network of 76 brain regions (green)  and its 

edges (white).Middle:3-D view of the Connectivity network of eight cortical regions in the left hemisphere  (black) connected by 

edges (red) used in this study .Right:  weighted connectivity matrix  for eight cortical regions. 

 

2.2 Local dynamics of JR model of an area 
To simulate temporal dynamics of each eight cortical 

areas, we used local neural mass of JR model with 

original parameterization. The main idea of JR model 

was to produce oscillations, specifically with 

oscillatory activity in alpha via three neural mass 

interaction, namely the Pyramidal cell (PC) and 

excitatory interneuron (EIN), and inhibitory 

interneuron (IIN), see   simplified scheme  of this 

model in Figure 4 and its equations in figure 1B . In 

previous study[2], setting the parameters to the 

standard numerical values of JR model[13]: The 
maximum amplitude of the excitatory A= 3.25mV 

and other inhibitory B=22mV, time constant of 

excitatory, a = 100s-1 and time constant of inhibitory 

b=50s-1 ,the strength synaptic connections between 

populations  C1=135,C2=0.8C1,C3=c4=0.25C1, 

maximum pulse e0=2.5 s- ,the value of the average 

membrane potential v0=6mV, Steepness of the 

sigmoidal function r=0.56mV. Here, for each 

simulation, we were used different numerical values 

of some parameters (see Table 2).   

 
Figure 4: Simplified diagram of Jansen’s original model. IIN 

and EIN both receive input from PC with connectivity strength 

k2, k1  respectively while PC receive input from both EIN and 

IIN with connectivity strength k3, k4 respectively and external 

excitatory input. Arrows is marked black with – inhibitory and 

+ with excitatory. 

 
Table2: Parameters’ Setting with different numerical values 

for each simulation 

 

III. RESULTS AND EVALUATION 

 

After implementation the sequential steps of 

simulation in TVB (see in section 2), the model 

results represented the time series of each area at 

different oscillations activities of EEG ranging 

rhythms in delta (2-3 Hz) and theta (5 Hz).  We 

studied the variations of numerical values of average 

excitatory and inhibitory synaptic gain ( A,B)  and  
time constant of excitatory and inhibitory PSP ( a 

,b),as shown in Table3, summary of simulation 

results in each case .In the first set of simulation ,the 

parameter a  is varied from 100s-1  to 50s-1 and  the 

parameter b is changed  from 50s-1  to 20s-1 ,while 

the  other  parameters kept  with its standard 

numerical values .For this case  the model  can 

generate  delta rhythm of EEG  at range frequency of 

(2-3 Hz). Figure A6 represented the simulated time 

series of eight brain areas with frequency (3Hz) for 

the brain area V2, but the other brain areas (V1, CCR, 
CCP, CCA, Amyg, A2, A1) were frequency of 2Hz.  

In the second study, we decreased the numerical 

values of average excitatory gain A from 3.25 to 3.2 

mV and increase the inhibitory synaptic gain B from 

22 to 26Mv, with keeping the other parameters 

constant with standard numerical values of JR 

model,but in this case, the model results is 

represented the simulated time series at frequency 
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(5Hz) for each brain areas (see figure A7). Validation 

the simulated time series is done using wavelet 
transform (TW) which is suitable and powerful tool 

for analysing signals into wavelets of different 

frequencies. Continuous wavelet transform (CWT) is 

used to compute the simulated time series of each 

area in each case, as shown in Figure B6 and B 7. 

 

 
Table 3:  Summary of Simulations Results in Each Case 

 
A 

 
B 

 
Fig 6: Simulation delta–rhythm (2-3Hz). (A) Simulated time 

series for each eight brain areas in the left hemisphere with 

3Hz for V2 brain areas and 2Hz for (V1, CCR, CCP, CCA, 

Amyg, A2, A1), respectively.(B) wavelet transform of simulated 

time series. 

A 

 
B 

 
Fig 7: Simulation theta–rhythm (5Hz). (A) Simulated time 

series for each eight brain areas in the left hemisphere with 

frequency of 5Hz for (V2, V1, CCR, CCP, CCA, Amyg, A2, 

A1), respectively. (B) Wavelet transform of simulated time 

series. 

IV. CONCLUSION 

 
How to develop brain network model at multi-scale is 

presented in this study. The proposed model 

consisting of eight cortical areas, and each is 

described the interacting local dynamics between 

three neural mass of JR model. Developing of this 

model is constrained by the structural connectomes 

obtained from a hybrid of DSI and the CoCoMac 

neuroinformatics database. The modelling and 

simulating is implemented with TVB, a unique 

platform for modelling large scale dynamics. Based 

on combining the local dynamics of JR model with 

structural connectomes, we modelled two band of 
EEG rhythms at different frequencies for eight brain 

areas, the delta –rhythmic oscillation at frequency–

ranging (2-3Hz) and theta rhythm of frequency (5Hz) 

through the changes of JR model parameters. The 

results of proposed modelling method is verified 

using Wavelet transform (WT). These results and 

findings could be helpful to the researchers and 

clinical doctors to study slow oscillation activity 

associated with delta waves of stages 3 and theta- 

waves of stages 1 and 2. 
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