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Abstract: 
           Numerical simulations play an important role to uncover the dynamic behaviour at the 

cellular and network levels and accelerate the work in the field of Neuroscience. The modern 

computational technologies have made it possible to simulate a huge network of neurons which 

was possible only in theory two decades ago. The simulations of networks of thousand of 

neurons are carried out on the parallel machine Cray XE6 system, based on the AMD Opteron 

12-core which shows good scaling properties. These models can be beneficial for the generation 

of global behaviour which could not be produced by fewer cells. For example, the effect of 

inhibition in a striatal network of MSNs is only seen if the number of cells and the synapses are 

increased sufficiently.   

The simulated responses of cells are greatly influenced by the numerical scheme. This has been 

demonstrated using gap junctions between striatal fast spiking inter-neurons. Implicit numerical 

schemes need to be used in order to get stable and accurate results. 

The simulations are carried out using serial and parallel implementations on the GENESIS and 

PGENESIS simulator respectively.  The limitations of the simulators have been highlighted by 

performing several simulation experiments. After exploiting the shortcomings presented in this 

work, it would be possible to use the insight to investigate biologically relevant questions.  
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Storskaliga modeller av striatala nätverk 

 
 
Sammanfattning: 
Numeriska simuleringar har en stor betydelse när man vill undersöka och förstå dynamiska 

fenomen på cell- och nätverksnivå. Detta är mycket viktigt för hela neuroområdet. Dagens 

beräkningsteknologier har gjort det möjligt att simulera stora nätverk av neuroner, vilket 

knappast var realistiskt för 10-20 år sedan. Simuleringar av nätverk som består av tusentals 

neuroner kan göras lokalt på KTH på en parallelldator som heter Cray XE6 och som är baserad 

på AMD Opteron 12-core,med goda skalningsegenskaper. Sådana nätverkssimuleringar är 

nödvändiga för att undersöka det globala beteendet i nätverket vilket inte kan produceras med 

färre antal celler. Ett exempel på en nätverkseffekt som endast kan ses i en storskalig modell är 

hur inhibitionen mellan s.k. medium spiny neurons (MSNs) i det striatal nätverket fungerar. 

Eftersom inhibitionen mellan varje cellpar är mycket svag behövs input från många celler för att 

nätverket skall påverkas. 

Simuleringsresultaten påverkas signifikant av vilken numerisk metod som används. Detta 

demonstreras med ett striatalt nätverk innehållande s.k. gap junctions (elektriska synapser) 

mellan striatala fast-spiking interneurons (FS). Implicita numeriska metoder blir nödvändiga för 

att få stabila och riktiga resultat. 

Simuleringar görs både seriellt och parallellt med hjälp m.h.a. Genesis simulatorn (PGenesis för 

parallella implementationer), vilket är en standardsimulator för biofysikaliskt detaljerade 

neuronmodeller. För att utvärdera Genesis simulatorn och dess svagheter har flera 

simuleringsexperiment utförts. Insikter från dessa simuleringar, vilka diskuteras i detta arbete, 

kan hjälpa till att lägga en grund för framtida användning av Genesis för storskaliga 

simuleringar.  
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1 INTRODUCTION 

 

 

This chapter will provide an introduction to scientific computing, parallel computing and also 

explains the objective of the thesis. The outline of the thesis is also presented along with the 

overview of the contents of each chapter. 

1.1 Overview 

 

The mechanism of the working of the human brain is quite complex and therefore it is not easy 

to understand its behavior. For neurophysiologists, the experimentation on the human brain is a 

tedious and time consuming process. In order to overcome these challenges and synthesize the 

knowledge from different approaches, computational neuroscience provides us with tools and 

methods to study the functionality of the brain using computer simulations [1]. 

During the past decade neural network modeling has been widely practiced as a research activity 

in computational neuroscience [2]. However, these network models were built on a small scale 

and therefore are not detailed enough to study certain aspects of the brain. For a large scale 

model the researchers are bound by the memory and the run time. As the era of parallel 

computing starts, it has opened the doors for researchers to simulate the models on a large scale. 

Various projects have been initiated in the past such as Blue Brain Project which helps to reduce 

the laboratory experiments and speed up the treatment of different neurological diseases. The 

milestone is to achieve a complete virtual cortical column. 

The availability of multi-core processors even in our desktops and laptops has revolutionized our 

thinking. This helps to use parallel simulation thereby increasing the efficiency when simulating 

many neurons. Scientists also have been trying to simulate single morphologically complex 

neuron models using parallel computation.   

 

1.2 Scientific computing 

      Scientific computing is a broad field which merges the fields of mathematics, computer 

science and their applications. It plays a vital role in the field of modern industry and 

scientific/engineering research, e.g electromagnetics, astrophysics, theoretical physics, systems 

biology, control theory and robotics. It allows us to study the phenomena which are expensive 

and time consuming to study by experiments only. In this way the computational techniques can 

be integrated with the experimental results. Mathematical models can be developed and then 

analyzed using computer simulations. Scientific computing deals with large data sets and 

simulates a particular problem using serial and parallel computing methods. In the era of multi-
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core systems, scientific computing takes the advantage of parallel techniques and solves the 

particular problem in much less time. A great effort has been put today to solve various problems 

using parallel techniques. 

1.3 Parallel computing 

Parallel computing is the simultaneous use of multiple computing devices to solve a problem. 

The need of parallel computing has been recognized for several decades while solving a large 

problem which is bound by speed and memory.  In the last two decades it has been believed that 

the single clock rates could be doubled after every 18 months according to the Moor’s Law [3]. 

The power consumption issue has closed the chapter of frequency scaling and the extra 

transistors can be accommodated in an additional hardware for parallel computing.  High 

performance computing in the form of multi-core architecture motivates the scientific 

researchers to understand how to introduce parallelism in their tasks, thereby breaking the barrier 

of memory and speed limit. In computational neuroscience, parallel computing assists to 

understand the behaviour of nervous system by simulating billions of neurons.  

1.4 Aim of the thesis 

The primary aim of the thesis is to utilize parallel techniques in order to run multi-cell and multi-

compartmental models of medium spiny neuron. They are found in the input stage of basal 

ganglia. Secondly the role of the numerical methods in simulating fast spiking interneuron 

coupled via gap junctions will be analyzed. Finally the gap junctional networks are simulated 

using parallel computational techniques. 

 

1.5 Scope of the thesis 

In the first task the performance analysis is done by simulating the multi-cell model to exploit the 

potential of using multi-cores. The concept of strong scaling and weak scaling associated with 

scalability is also discussed.  Moreover, the behaviour when all the medium spiny neurons 

(MSNs) are connected with each other is analyzed. Additionally their behaviour when they are 

not connected is also studied. The effect of increasing in the number of GABA connections 

between the cells is also presented. We also investigate a single neuron model split onto multiple 

processors. 

 

In the second task the FS interneurons which are coupled electrically are simulated, and the 

effect of the numerical methods on the developed model is observed. Finally the conclusions are 

drawn to evaluate suitable methods.  

 

1.6 Outline of the thesis 

The rest of the report is structured as follows: 
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Chapter 2 will cover the biological background, which describes the physical structure of the 

MSNs and FS interneurons. In this part the basal ganglia, medium spiny neuron and fast spiking 

interneurons are discussed. The medium spiny neuron and fast spiking interneurons are part of 

striatum which is the input stage to basal ganglia.  

 

In chapter 3 the tools and models used in the work are presented.  In brief the simulator and 

hardware which have been used for parallel computation is described. Additionally the 

modelling techniques used in the computational neuroscience related to the thesis work such as 

single cell modelling, multi-cell modelling and FS interneuron models connected via gap 

junctions are explained. The single cell model and multi- cell model are used for the simulation 

of the striatal network on a multi-core architecture. 

 

In chapter 4 the simulation results are furnished. The results will be presented on the basis of the 

parallel computational properties such as weak and strong scaling. Scaling properties are 

evaluated based on how well a parallel solution works when increasing the number of 

processors. In addition, results related to the role of the selected numerical scheme chosen are 

also highlighted. This verifies the extent of the influence of numerical method on neural 

simulations. 

Conclusions and future work are discussed in chapter 5. 
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2 BIOLOGICAL BACKGROUND 

 

This chapter discusses the biological background. It is intended for the readers who have little 

knowledge about the neurobiology. In the first phase of the simulation one has to simplify the 

biological neuron and build a model of the neuron using compartments, that’s why the 

knowledge of neurobiology is important. MSN is discussed, followed by FS Neuron. 

2.1 Basal Ganglia 

Recent research has shown that Basal Ganglia are involved in the motor control and action 

selection and some form of learning. The basal ganglia consist of the caudate, putamen, globus 

pallidus, subthalamic nucleus and substantia nigra. Together the caudate and putamen are called 

neostriatum or simply striatum. The disorder of Basal ganglia is exemplified by Parkinsonism, 

which is caused by the loss of dopaminergic neurons in substantial nigra which directly affects 

the striatum and create problems in motor control.  

 

 

 
                                      Figure 2.1. Slice of the brain showing the basal ganglia. Adapted from [4]. 
 

Stratium is the main primary input for the basal ganglia and the majority of its neurons are 

medium spiny neuron projection. Their activity is determined by the excitatory inputs from the 

cerebral cortex and the thalamus [5]. 
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2.2  Medium Spiny Neurons 

 

Medium spiny projection neurons (MSNs) comprises of up to 95% of the cell population and the 

remaining population is represented by  GABAerigic fast spiking  and cholinergic interneuron 

.Even though GABAerigic fast spiking  are comparatively small in number, yet they have a very 

strong influence on MSNs [6]. The general morphology of striatal medium spiny projection 

neurons  is shown in figure 2.2. The diameter of the cell body of MSNs is 12–20 µm. The 

dendritic tree generally comprises of five or six primary dendrites which spread out from the cell 

body and then split  one or two times to form secondary and tertiary dendrites extending within a 

spherical volume of about 250–500 µm in diameter [5]. 

 

 
Figure 2.2. The morphology of striatal medium spiny projection neurons (MSNs). Adapted from [5]. 

 

 

The MSN is dominated by K
+
 current. Two important features of MSN behavior are; large ramp 

before the first action potential (AP) during current injections and bimodal behavior of the 

membrane potential during spontaneous activity. The bimodality refers to the tendency of the 

membrane to be in one of two states: a hyperpolarized (“down”) state dominated by an inwardly 

rectifying potassium current (KIR), and a more depolarized (“up”) state dominated by A-type 

potassium currents (KAf/KAs) during which action potentials occur[5]. 

2.3 Fast spiking interneuron 

Striatal fast spiking (FS) interneurons strongly inhibit a large number of MSNs. Both MSNs and 

FS interneurons receive the glutmatric inputs from cortex and thalamus, as well as dopaminergic 

input from substantia nigra compacta [5]. FS interneuron action potentials have large amplitudes. 

They are connected to each other via electrical synapses to form a connected network [5].  
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2.3.1 Gap Junctions between FS neurons 

 

In electrical synapses cell membranes are close to each other and are separated by only a region 

of cytoplasmic continuity called gap junctions. The intercellular gap junction is shown in figure 

2.3. 

 

Gapjunction

cell1
cell2

 
Figure 2.3. Representation of gap junctions 

 

Researchers have found that Gap-junctions in the neocortex and cerebellum are formed among 

GABA-releasing neurons. There is also electrical coupling in the hippocampus and striatum 

between the inhibitory neurons occurs [7]. 

 

Cell1 Cell2 

A

B

 
 

  Figure 2.4. GABA interneurons connected via electrical synapses with cell1 as presynaptic and cell2 as 

postsynaptic cell. a) Response without electrical coupling. b) Response with electrical coupling.   
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In the above figure two FS cells are electrically coupled. Cell1 act as a presynaptic and cell2 act 

as a post synaptic.  When there is no electrical coupling cell2 is at resting potential as shown in 

figure 2.4 A. A complex response has been produced in postsynaptic cell2 (blue) when cell1 

(red) is excited by a train of action potential as shown in figure 2.4 B when the gap junction is 

activated between the cells. Furthermore the response in cell2 depends on the coupling strength 

between cell1 and cell2.   
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3 MODELING IN COMPUTATIONAL NEUROSCIENCE 

 

In the last few decades neuroscientists have admitted that only anatomical data will not be 

enough to study neural circuits. Modelling is the methodology that can capture the functionality 

of neurons. Hence integration of neuron modelling with experimental work adds a new field 

under the umbrella of computational science known as computational neuroscience [8]. This 

chapter discusses the tools and methods used in the field of computational neuroscience. This 

part is intended for the readers who have little knowledge about the neural modelling. 

Furthermore the simulation tools, simulation environment and modelling techniques used in the 

field of computational neuroscience are also briefly discussed. 

3.1 Simulation tools 

The growing numbers of tools in the field of computational neuroscience have helped the 

neurophysiologists to analyze the behaviour of spiking neuron models in short amount of time. A 

variety of models can be simulated depending upon the requirement. For the matching of 

intracellular measurements, a detailed biophysical model like Hodgkin-Huxley model is required 

[9]. For simpler cases, integrate and fire model can be utilized even for large scale simulations.  

In current studies the Genesis simulator is used which is a general purpose simulator for neural 

modelling which covers a wide range of complex models from a single cell to multi-cellular 

networks. It is an object oriented simulator and is capable of adding user-defined objects. It is 

only available for UNIX environment but future versions will also support other operating 

systems.  It is highly recommended for the beginners in the field of computational neuroscience 

because it is very well documented and users can even modify the scripts which are provided in 

the tutorial package. It uses the high level language for the construction of realistic neuron 

models and one of major advantage is that users can modify the simulation even when it is 

running without affecting the speed of the simulation because precompiled objects are used [9]. 

Another interesting feature unlike other simulators is that it provides graphical interface even for 

the large network simulations.  

For parallel computation PGENESIS, an extension of GENESIS based on MPI that works on 

multi core architecture is recommended. Large scale model with thousands of neurons were 

found only in theories but now even these simulators are capable of running models on big 

machines that are equipped with thousands of processors. Highly efficient performance results 

can be obtained by simulating the large networks on large computational machine by minimizing 

the communication overhead and inducing synchronization between the processors. 
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3.2 Hardware for simulation 

 

Serial and small scale parallel simulations are carried out on an INTEL XEON Desktop PC 

having 24 cores that includes larger level 2 and level 3 caches. 

The large scale simulations are carried on PDC KTH powerful machine “Lindgren”. This parallel 

machine was ranked 31
st
 among the most powerful machines (Top500, June 2011). It is basically 

a Cray XE6 system based on AMD Opteron 12-core “Magny-Cours” (2.1 GHz) processors and 

the Cray Gemini interconnect technology. It consists of 1516 compute nodes and each node has 

24 cores divided between two sockets [10]. 

3.3 Importance of computational modelling  

    

Computational modelling has great significance in science and allows to study the complex 

behaviours of neurons by computer modelling. It also helps to minimize the experimentations on 

living creatures. Indeed a lot of effort has been put in building a model and then test it by 

comparing the results with analytical solutions until the error has been significantly reduced. 

This initial hard work can be helpful to study many parameters of complex system which are not 

possible in real experimental field. The generated models can be shared with other scientists who 

can further contribute with improvement of the models [11]. 

3.4 Numerical methods  

 

Numerical methods play a vital role in the field of computational modelling. When a real world 

problem is converted into a mathematical model, the algorithm designed for such a model will 

only produce an approximate result. The approximated result deviation from the exact solution 

will depend on numerical method. The deviation of the approximated result varies from 

application to application, e.g. the error of a few centimetres hitting a target by a missile is 

acceptable but the same amount of tolerance is not acceptable in some biological phenomena.  

 

In computational neuroscience the mathematical models usually consist of ordinary differential 

equations. The famous equations for the electrophysiology were developed by Hodgkin –Huxley 

in 1950 which consisted of four ODEs [12]. It can be solved by standard explicit methods such 

as Euler and Runge-Kutta method when exploiting the electrical properties that exists in the 

neuron models [13].  A few numerical methods that are used in computational neuroscience are 

discussed briefly. 

 

 

3.4.1  Forward Euler (Example of an explicit method) 

A forward Euler method is also called explicit Euler scheme which is one of the simplest 

methods to implement. This scheme truncates the Taylor series after two terms. 

http://www.top500.org/
http://www.cray.com/Products/XE/CrayXE6System.aspx
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𝑦 𝑡 +  = 𝑦 𝑡 + 𝑦′(𝑡)                                          (3.1) 
The explicit Euler method computes the value at point t+h with a local error of 2.  

 
 

Figure 3.1. Graphical illustration of Forward Euler. Adapted from [14]. 

 

The point 2 is obtained when calculated from point 1; the tangent of the curve is taken and 

linearly extrapolated. The next point 3 is obtained by following the same procedure [14]. 

3.4.2  Backward Euler (Example of an implicit method) 

Backward Euler method is an implicit method. This scheme also truncates the Taylor series after 

two terms. As compared to explicit scheme, in backward Euler method the derivative is 

evaluated at t+h instead of at point t. The implicit schemes are more stable as compared to 

explicit schemes [14]. 
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Figure 3.2. Graphical illustration of Backward Euler. Adapted from [14]. 

 

Firstly   the derivative at point 2 is taken and is extrapolated at point 1, thus obtaining point 2 

from point 1. To obtain point 3 the same procedure is followed. 

3.4.3  Examples of methods used in computational 
neuroscience  

The GENESIS simulator uses the exponential Euler scheme as default method for the integration 

because the biological processes are represented mostly by exponentially decaying functions 

[14]. For an equation of the form: 

 

                     
𝑑𝑦 

𝑑𝑡
= 𝐴 − 𝐵𝑦                                                                                      (3.3) 

     The method is represented as: 

          𝑦 𝑡 +  =  𝑦 𝑡 𝑒−𝐵∆𝑡 +  
𝐴

𝐵
(1 − 𝑒−𝐵∆𝑡)                                                           (3.4)      

 

The Crank-Nicolson method is unconditional stable and second order accurate. The equations of 

Crank Nicolson are obtained by averaging the explicit and implicit Euler equations. The 

approximation is represented by  
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𝑦 𝑡 +  =  𝑦 𝑡 +
 𝑓 𝑡 + 𝑓 𝑡+  .

2
                                                                 (3.5)                      

                                                                                  

 

The overall aim is to provide a flavour of numerical schemes to the reader.  

 

Order Explicit  Implicit  

1
st
 order Forward Euler, Exponential Euler Backward Euler 

2
nd

 order 2
nd

 order Runge-Kutta  Crank-Nicolson 

Higher   order Adam-Bashforth,Runge-Kutta-Fehlberg  Adams-Moulton 

 

Table 3.1. Table of the schemes of interest. Adapted from [14]. 

 

 

In the GENESIS simulator the implicit methods can be used only with the so called hsolve object 

which is actually the implementation of Hines algorithm [15]. Hine’s method is used for 

numerically solving the neuron models and is widely used in the field of computational 

neuroscience. The important feature of this method is decrease in the computation time for 

simulation of arbitrarily branched active cables with Hodgkin-Huxley (HH) kinetics up to 10-20-

folds [29]. This method describes the ordering scheme of branches (dendrites of neuron) which 

provide an efficient way to solve the coupled equations. [16]can be consulted for further details 

on Hines method. 

3.5 Computational Neural Modelling 

 

As discussed previously, modelling in computational neuroscience refers to a mathematical 

model of the neural network which includes the necessary details. The evolution of multi-core 

architecture with massive computational machines along with detailed experimental data 

provides a better understanding of the brain. The experimental data is normally obtained from a 

single cell and small networks. Most of researchers focus on the single cell models, but 

compartmental modelling using parallel computation is preferred when working with the cell 

having large size where morphological properties are important [11].  For example, the 

simulation of large neural tissues comprising of multi compartment are carried out on huge 

machines [17]. Moreover the option of parallel computation should be considered when  

simulating and analyzing the behaviours of large network models.  

3.5.1  Hodgkin–Huxley model 

The core mathematical neural model which has significantly influenced the modern biophysical 

models of neurons was the great work of Hodgkin and Huxley in early 1950s. This model 

describes the electrical activity in the neuron which is based on the voltage clamped experiments 
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on the axon of the squid. The idea is solely based on electrical properties of a neuron that can be 

modelled by an equivalent circuit as shown in figure 3.3. In this biophysical model the relation 

between biological and electrical elements are shown below. 

1) The phospholipid layer in the cell, which is analogous to capacitor in circuit that stores 

the ionic charges. 

2) The ionic permeability of the neuron cell membrane, which is analogous to a resistor in 

electrical circuit. 

3) The electrochemical driving forces, which are analogous to the batteries in the circuit. 

 

Furthermore the electrical activity in the circuit is due to transfer of Na
+
 and K

+
 ions. There 

are three ionic currents due to Na
+
, K

+
 and leakage current that is carried by Cl− [15]. 

The differential equation which describes the properties of the electronic circuit as shown in        

figure 3.3 can be written as; 

                  𝐶𝑚
𝑑𝑉𝑚

𝑑𝑡
+ 𝐼𝑖𝑜𝑛= 𝐼𝑒𝑥𝑡                                                                              (3.6) 

 

                   𝐼𝑖𝑜𝑛= 𝐼𝑁𝑎+𝐼𝐾+𝐼𝐿                                                                                  (3.7)                                                                                                                                                                                           

Where; 

𝐶𝑚=Membrane capacitance  

 

𝑉𝑚=Membrane Potential  

 

𝐼𝑖𝑜𝑛  = Ionic current flow through the membrane  

 

𝐼𝑒𝑥𝑡= External current 

 
Figure 3.3. Electrical equivalent of biophysical model of Squid Axon. Adapted from [15]. 

 

The total ionic current as shown in Eq. 3.4 is the sum of all participating ion types. 
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                            𝐼𝑖𝑜𝑛 =  𝐼𝑘𝑘 =  𝐺𝑘𝑘  𝑉𝑚−𝐸𝑘                                                                         (3.8) 
      

𝐼𝑖𝑜𝑛 = 𝐺𝑁𝑎 𝑉𝑚− 𝐸𝑁𝑎 + 𝐺𝐾 𝑉𝑚− 𝐸𝑘 + 𝐺𝐿 𝑉𝑚− 𝐸𝐿                                                                     (3.9) 
                                                          

         𝐺𝑘 =
1

𝑅𝑘
                                                                                                                                   (3.10)     

                                                                  

 

Where 𝐺𝑘  is the conductance of each ionic component which is the reciprocal of resistance and 

depends on the membrane voltage.  The conductance is basically the mutual effect of number ion 

channels where each channel is represented by number of gates. If any of the gates is closed the 

channel is not permissible and is considered open if all the channels are open [15]. 

 

Consider a large number of ion channels which are represented by  𝑝𝑖   as the portion of gates in 

open state and  1 − 𝑝𝑖  in closed states. Assume that the HH (Hodgkin and Huxley) model obey 

the first-order kinetics [15]. Then the dynamics can be represented by equation 3.8. 

 

  
𝑑𝑝𝑖 

𝑑𝑡
= 𝛼𝑖 𝑉  1 − 𝑝𝑖 − 𝛽𝑖

 𝑉 𝑝𝑖                                                                                          (3.11) 

 

 

 

 

Where 𝛼𝑖 and 𝛽𝑖 are rate constants and depend on the membrane potential which represents 

“close to open” and “open to close” transition respectively.   

 

The Hodgkin and Huxley modelled the sodium with three m gates and one h gate where m and h 

are the respective probabilities. 

 

𝐺𝑁𝑎=  𝑔𝑁𝑎𝑚
3                                                                                                                          (3.12) 

 

Similarly the potassium channel is modeled with four n gates. 

 

𝐺𝐾=  𝑔𝐾𝑛
4                                                                                                                            (3.13) 

 

From the above discussion the HH model can be represented as following standard equations. 
  
𝐼𝑖𝑜𝑛 = 𝑔𝑁𝑎𝑚

3   𝑉𝑚−𝐸𝑁𝑎 + 𝑔𝐾𝑛
4 𝑉𝑚−𝐸𝑘 + 𝑔𝐿

 𝑉𝑚−𝐸𝐿                                                             (3.14) 

 
  
𝑑𝑚 

𝑑𝑡
= 𝛼 𝑉  1 −𝑚 − 𝛽 𝑉 𝑚                                                                                                   (3.15) 

 
𝑑 

𝑑𝑡
= 𝛼 𝑉  1 −  − 𝛽 𝑉                                                                                                       (3.16) 
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𝑑𝑛

𝑑𝑡
= 𝛼 𝑉  1 − 𝑛 − 𝛽 𝑉 𝑛                                                                                                      (3.17)                    

3.5.2  Single cell modelling 

 

A neuron is combination of both of chemical and electrical processes.  These processes are 

represented by ion channels, membrane conductances and potential. However, the model of 

neuron depends upon the properties under study so model can be modified accordingly [18]. In 

brain there are different types of neurons each having different characteristics and different 

morphologies but there are standard models which are used by all types of neurons. Figure 3.4 

shows various types of neurons. 

 

                        
 
Figure 3.4. Categorization  of neurons based on shapes of dendrites . (A) Cerebellar Purkinje cell  (reconstructed by 

Moshe Rapp); (B) alpha-motoneuron from the cat spinal cord (reconstructed by Robert Burke); (C) Neostriatal spiny 

neuron from the rat (from M. A. Wilson); (D) Axonless interneurons of the locust (reconstructed by Giles Laurent). 

Adapted from [15]. 

 

The most common way for modelling a single neuron is to divide it into compartments as shown 

in figure 3.5. Each compartment is represented by an equivalent circuit (Rall 1959). Assuming 

that voltage is constant in every compartment; then the equations will be only voltage and time 

dependant [15].  
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Figure 3.5. A) Representation of real neuron cell B) Representation of discretized neuron. Adapted from [15]. 

 

  

As the number of compartments increases, the size of each compartment gets smaller, and 

properties such as potential can be considered constant inside the compartment. On the other 

hand the computational cost increases with the increase in number of compartments and a 

smaller step size will be required [19]. 

 

For huge multi compartment model such as neurons with complex morphology, the simulation 

can be done by dividing the compartments among the parallel processors. In this type of 

simulation decomposition of structure takes place into volumes such that each volume is 

assigned to a node in parallel machine [17]. 

3.5.3  Modelling of MSNs 

After presenting the basic concepts of general single neuron modeling, the modeling of medium 

spiny neuron is discussed. The model shown is modified model of previous model presented in 

[20, 21]. This model includes additional calcium dependant and potassium currents.  The model 

is matched with vitro experimentation results from ventral striatum by tuning conductance 

parameters. The cell is simulated with detailed morphology which includes the detailed 

dendtritic trees. The cell structure includes four primary branches and each primary branch 

bifurcates twice, resulting in 16 tertiary dendrites making a total of 189 compartments in the 

model [8].  

The length of dendrites are adjusted in order to compensate additional membrane loss of spines 

by using the below mentioned equations. If separate compartments are included for each spine in 

the model, this will significantly increase the computation time.   

                                                            𝑙′ = 𝑙𝐹
2

3                                                                  (3.15) 
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                                                           𝑑′ = 𝑑𝐹
1

3                                                                 (3.16)                                   
                                                      

𝐹 =
𝐴𝑑𝑒𝑛𝑑 +𝐴𝑠𝑝𝑖𝑛𝑒𝑠

𝐴𝑑𝑒𝑛𝑑
                                                                                                                 (3.17) 

                                                                                  

Where  

l= vitro length 

l’=adjusted length 

d= vitro diameter 

d’=adjusted diameter 

𝐴𝑑𝑒𝑛𝑑 =surface area of dendrites  

𝐴𝑠𝑝𝑖𝑛𝑒𝑠 =surface area of spines 

3.5.4  Multi neuron modelling  

 

Excessive work has been done on the morphological and electrophysiological properties of 

single neurons.  The computational modelling of single neurons assists the scientists to study the 

insight complex phenomenons by manipulating different parameters. However the main 

objective is to simulate the whole brain, which could be achievable by investigating the 

interaction between the networks of neurons. One of the common ways is to study the population 

of cells by simplifying a single cell under some assumptions because the main interest lies in the 

interaction between cells. For example the binary neuron models can be associated to 

computational functions as proposed by Hebb [22]. 

In this study, the interaction of multiple neurons via chemical and electrical synapses is 

presented. In chemical synapses during the pre-synaptic firing, the neurotransmitters are released 

from axon and binds to a receptor terminal. This causes a change on the target neuron or 

postsynaptic neuron. The model consists of multiple neurons which are interconnected through 

synapses having spike generation in the presynaptic neuron and synchan in the postsynaptic 

neuron. In this way the neurons communicate with each other by sending and receiving spikes. 

The platform to simulate such models on large scale is multi-core architecture. For example 

Djurfeldt et al 2008 simulate a model with 22 million neurons, 11 billion synapses, and on the 

order of 40 billion state variables [23].  The large number of state variables does not mean that 

there are large numbers of parameters. The entire population of cell shares a set of basic 

parameters [23]. It is difficult to understand the neural network phenomenon by simulating a 

small network. With the advent of multi-core architecture with huge computational power, such 

phenomenon can be studied by simulating large scale models. 

In case of electrical synapses the pre-synaptic and postsynaptic cell membranes are very close to 

each other and separated by gap junction. This type of model is discussed in details in the next 

section.   
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3.5.5  Fast spiking interneuron model     

 

 

The Fast Spiking interneurons are present in small numbers in striatum but they have strong 

influence on MSNs. Instead of some differences between the cortical and striatal microcircuits, 

there also exist some similarities like a common developmental origin and the electrical coupling 

through gap junctions. The model consists of voltage dependent ionic channels, a fast Na
+
 

window current (INa), a fast delayed rectifier K
+
 current (IKdr), and a slowly inactivating (d-type) 

K
+
 current (IKd). The d-type current represents the delay initiation in the FS interneurons. The 

model is able to generate oscillations of 40-50 Hz when there is a small amount of Na+ current 

and sufficiently large d-type K+ current [24] . 

The FS neuron is modeled with a structure comprising of soma, one primary, two secondary and 

four tertiary dendrites. There are only 127 compartments used for this model and resting 

membrane potential lies in the range of -65 to -70 mV.  The conductive element is modeled as 

gap junction between FS neurons at soma, primary or secondary dendrites [24] .  

The current study deals with the role of numerical method on the gap junction between FS-

neurons provided that coupling exists in a noticeable range. Furthermore different effects are 

observed by manipulating the various parameters while using the different numerical schemes. 
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4 IMPLEMENTATION AND RESULTS 

 

After presenting about the biological and neural modelling in the previous chapters, the 

implementation and results are discussed here. The results are concluded by simulating the single 

medium spiny neuron model and multi cell model using parallel machines. The performance 

scaling of multi-cell model using parallel machines are presented by weak and strong scaling.  

Furthermore the results are also presented by increasing the number of GABA connections 

between the medium spiny cells. In addition to that the FS interneuron model is simulated and 

the results acquired by using explicit and implicit numerical schemes are presented. 

 

                                       

4.1 Simulation of multi-compartmental model  

 

As discussed earlier, multi-compartmental modelling is the decomposition of single neuron cell 

into compartments. The MSN model is implemented with the help of two sodium currents, fast 

(NaF) and persistent (NaP), and six different potassium currents: inwardly rectifying (KIR), slow 

A-type (KAs), fast A-type (KAf), 4-AP resistant persistent (KRP), small-conductance calcium 

dependent (SK), and large-conductance calcium dependent (BK). In addition to that six calcium 

currents: N-, Q-, R-, T-, and Cav1.2 are also included. The channel uses the equations of 

Hodgkin-Huxley model. The response of the neuron model is matched with that of in vitro MSN 

by adjusting the conductance parameter. Inward sodium current (NaF) and inactivation of the 

KAs current play a major role in the activation and deactivation of the cell [8]. The anatomical 

dimension of the MSN model is shown in table 4.1. Further details about dimensions are 

mentioned in section 3.17. Figure 4.1 shows the simulation steps required for a single MSN 

model using GENESIS simulator. 

 

 
 𝑵 𝒍 (𝝁𝒎) 𝒍′   (𝝁𝒎) 𝒅 (𝝁𝒎) 𝒅′ (𝝁𝒎) 𝑭 

𝐒𝐨𝐦𝐚 1 16  16   

𝐏𝐫𝐨𝐱𝐢𝐦𝐚𝐥 𝐝𝐞𝐧𝐝𝐫𝐢𝐭𝐞𝐬 4 20 20 2.25 2.25 0 

𝐌𝐢𝐝𝐝𝐥𝐞 𝐝𝐞𝐧𝐝𝐫𝐢𝐭𝐞𝐬 8 20 24.23 1 1.1 1.33 

𝐃𝐢𝐬𝐭𝐚𝐥 𝐝𝐞𝐧𝐝𝐫𝐢𝐭𝐞𝐬 16 190 395 0.5 0.72 3 

 

 
Table 4.1. Anatomical dimensions of the MSN model [8] 
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Figure 4.1. Simulation steps for single neuron model 

 

The morphology and the passive parameters used in the MSN model are obtained from a current 

working research group on MSN in computational biology, KTH. The ionic channels mentioned 

above with appropriate conductances are constructed for the model. The passive parameters are 

tuned in order to make an accurate MSN model.  The morphology, passive parameter, and 

channels are defined inside the cell reader file. The simulations are carried out with a step size of 

20𝜇𝑠 for 0.5 sec.  The response of a single neuron contains 189 compartments when the cell is 

activated by current injection of 0.5nA is shown in figure 4.1. 
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Figure 4.2. MSN response by injection of 0.5nA starting after delay of 0.1sec 

 

 

The simulation was also executed by decomposition of the multi-compartmental model 

distributed over multiple processors. The simulation is carried out based on an idea to chop off 

the single neuron tree by disconnecting the soma from other branches such that soma is on one 

processor and remaining branched trees are on the remaining processors. In this way the 

communication between the processors is reduced because the soma will be on the master node 

and remaining branches will on slave nodes such that each node will communicate only with the 

master node as shown in figure 4.3.  The large multi compartmental models are normally 

simulated using hsolve object provided by GENESIS simulator.  

Unfortunately the hsolve objects variables are unable to communicate in PGENESIS between 

processors. This is found when testing was carried out. Interestingly there is a problem found 

when simulating the gap junctions using PGENESIS which will be discussed in the later section. 

The simulation runs successfully on Intel Xeon processor having 24 cores using parallel 

computation but the same simulation was unable to run on Lindgren Cray XE6 system based on 

AMD Opteron 12-core at PDC, KTH due to reason of deadlock condition. The deadlock 

condition is the situation that arises using MPI when message passing cannot be completed. In 

PGENESIS deadlock condition occurs when no thread can continue because each is waiting for a 

message from another.Such problems will be hopefully solved in the next version GENESIS 3, 

while using parallel computation. These types of simulations are successful on multi-core 

architecture without using hsolve objects in PGENESIS current version.   

 

http://www.cray.com/Products/XE/CrayXE6System.aspx
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Figure 4.3. Splitting a single cell on multi-processors 

4.1.1 Role of Numerical methods in splitting a single cell  

Our model simulation methods build on numerical approaches to solve Hodgkin–Huxley type 

mathematical models of branched neurons. The chopped neuron and break points can be solved 

by implicit or explicit schemes or in combination.  One way of the implementation is to solve the 

decomposed neuron and branched points by implicit (Crank–Nicholson method) schemes. 

Complete implicit approaches will provide a stable and accurate solution in neuron simulations. 

This scheme can be applied only when neurons are coupled by chemical synapse as described in 

Hines method. The alternative way is to solve the decomposed neuron by implicit and branched 

points by explicit method which can also be extended for electrical synapse. An explicit step is 

used to find the value of the membrane potential at the branch point at the forward time. A 

reasonable time step can provide sufficiently stable and accurate results. The explicit method 

limits the stability and accuracy, but they have good parallel efficiency. There is a tradeoff 

between the accuracy and stability of fully implicit numerical scheme and the effective 

parallelism of implicit/explicit numerical method for solving a decomposed neuron [17]. 
 

4.2 Simulation of Multi neuron model  

   In the multi cell model, simulations are carried out on the network level using serial and 

parallel simulation methods. A small 2D network of MSNs connected via GABA synapse on 
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grid of 4x4 is presented in figure 4.4 is used for small scale simulation. The red circles and lines 

represent the MSNs and GABA connections respectively.  

 

 
Figure 4.4. A 4x4 grid of MSNs connected via GABA connection 

 

To verify the parallel implementation it was compared with serial implementations. The response 

of cell 5 in the network for both serial and parallel implementation is shown in figure 4.5 as 

reference. 

 

 
Figure 4.5. Serial and parallel simulations results   
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In serial simulations the whole network is simulated on a single core, while parallel computation 

is carried out by horizontal slicing of grid such that each processor gets equal number of cells. 

The results are obtained by injecting a current of 0.5nA into each cell with a step size of 20𝜇𝑠 

,delay of 0.1sec and width 0.3sec. Furthermore the conductance used for the GABA synapse is 

0.75nS and this is used between the MSNs.  

Large network of neurons that are partitioned across the nodes are considered as a good 

candidate for parallelization with P-GENESIS. It is important to distribute the workload equally 

across the nodes and apply the best communication strategy. 

Communication is reduced in horizontal slicing by choosing the dimension of network such that 

it satisfies the condition Ny>Nx. It depends on the dimension of the network and distribution of 

neurons in a network. Figure 4.6&4.7 shows the serial and parallel implementation steps of large 

network of neurons on GENESIS and P-GENESIS respectively. 

 

 
 
                          Figure 4.6. Implementation steps in GENESIS for large network simulations  
 



25 

 

 

 
 

Figure 4.7. Implementation steps in PGENESIS for large network simulations 
 

The large scale model having thousands of neurons on serial processor is time consuming to 

simulate. The next step is to simulate on parallel machines and measure the performance scaling. 

Figure 4.8 shows each processor having a single cell communicating randomly with each other 

using MPI. The SpikeGen (object in genesis) acquires the value of the last compartment of 

neuron and sends the spike which depends on voltage and current time. If the condition is 

satisfied then the current spike is sent to the other processes (SynChan objects will get the data at 

other end) [25] . The purpose is just to give an overview about communication that took place 

between the cells. 
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Figure 4.8. Block diagram of neuron cells communication in parallel. Adapted from [25] .     

 

Scalability is an important task in parallel computation which shows the scaling of large scale 

network by increasing the number of cores. The main goal is to analyze the efficient scaling of 

large network of MSNs with increase in number of processors.  

 

 

 

 

 

4.2.1 Strong scaling  

In this performance criterion, the scalability of computation is measured by keeping the problem 

size constant with respect to number of cores. The speedup of fixed size problem 4x1536 with 

increase in number of cores is shown in figure 4.9. The simulation of 6,114 neurons was run on 

Lindgren (Cray XE6 system) PDC KTH, Stockholm. The data collected are for processor counts 

of 96, 192,288…...to 768. 

 

 



27 

 

 
 

 
Figure 4.9. Speedup of MSN simulation connected with each other  

  

The actual speedup deviates from ideal because of the cost associated with the communication 

between the processors. 

Furthermore the strong scaling could be visualized on log scale for the same numbers of neurons 

as shown in figure 4.10. 

 

 

 
Figure 4.10. Strong scaling plot on logarithmic scale 
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4.2.2  Weak scaling  

In weak scaling the performance is measured by varying the size of the problem with respect to 

number of cores such that the problem size grows with machine size in a proportion. In this 

simulation the network size increases by doubling the horizontal size and number of processors 

also increase by the same proportion same as problem size. The initial size is 4x1536 on 24 

processors. The simulations was also run on Lindgren (Cray XE6 system) PDC KTH, Stockholm 

and figure 4.11 shows that the problem scales well using the weak scaling performance criteria. 

 

 

 
Figure 4.11. Weak scaling plot on simulation time scale 

4.3 Effect of GABA connections in the basal ganglia 
network 

It has been shown that there are GABA synapse between MSNs, now the effect on MSNs will be 

observed by disabling and enabling the GABA synapse between the cells in a network.  In order 

to visualize the results current of 0.5nA is injected into each cell with a noise of Gaussian 

distribution with mean value 40 mv and standard deviation 10 mv respectively in order to show 

the realistic behaviour that takes place in vitro.  

In the first case the GABA connectivity is enabled and each cell is activated by injecting current 

into each cell. The results shown in the figure 4.12 are obtained by creation of GABA synapse 

between the source soma and the destination soma as well as on primary and secondary 

dendrites. 
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Figure 4.12. Result of simulation by MSNs connected via GABA synapse 

 

In the second case the synapse is deactivated between the MSNs and the same current is injected 

as discussed in the first case when connectivity is enabled.  The simulation result when the 

GABA synapse is deactivated is shown in the figure 4.13. 

 
 

                           Figure 4.13: Result of simulation by disabling GABA connectivity  

 

It has been observed that the difference in some cells in terms of number of spikes between the 

above mentioned two cases is increased when the number of GABA connections has been 

increased beyond a certain limit, because the GABA has inhibitory effect. 
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4.4 Role of Numerical methods in simulation of the FS 
interneuron model coupled via gap junctions  

 

The model is implemented as described in section 3.5.5. The simplified structure of FS neuron 

consists of a soma, three primary, six secondary and twelve tertiary dendrites differentiated by 

different colours as shown in figure 4.14. Each primary, secondary and tertiary dendrite consists 

of two, four and eight compartments respectively. The gap junction could be formed at any level 

of the dendrite. The purpose of the gap junction’s simulation is to highlight the variation of 

responses of neurons with respect to step size used in different numerical methods by an 

example. The appropriate numerical scheme shows similar behaviour over a wide range of 

characteristic time scales.  

 

secondary

Primary

Tertiary

Soma

 
 

Figure 4.14. Representation of FS neuron model 

 

The simulation is executed for two FS neurons connected via gap junctions as shown in fig 4.15 

with a conductance of 0.5nS and by injecting the current of 0.04nA in cell1 and 0.05nA in cell2. 

The gap junction is created between the secondary dendrites, current is injected at primary 

neuron and measurements are collected at soma.   
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Figure 4.15. Single Gap junction between two FS neurons 

The simulation is carried out with exponential Euler method and Crank Nicolson method with a 

simulation step of   50𝜇𝑠 .The step size chosen lies in the acceptable range that is used normally 

in neuron simulations. As discussed, implicit finite difference schemes can only be used with 

Hines method in GENESIS simulator. Unfortunately the Hine method is not suitable for the 

interaction of elements to form a closed loop. So Hine’s algorithm is not suitable for gap 

junctions and it should be applied to individual cell. The solution for this to solve each cell using 

Hine algorithm and at each time step current is calculated by using Ohm’s law and sent the 

current across the gap junction [25].   

 

𝐼 = 𝐺𝑔𝑎𝑝 (𝑉2 − 𝑉1)                                                                                                          (4.1) 

Where 

𝑉2=Voltage at cell2 

𝑉1=Voltage at cell1 

𝐺𝑔𝑎𝑝=Gap junction conductance  

The current calculated at each time step will be injected with opposite signs.  The main point of 

interest here is usage of implicit finite difference scheme not the Hine algorithm itself. 

 

 The results which are obtained using the above mentioned schemes with step size 50𝜇𝑠  of are 

shown in figure 4.16 & 4.17 respectively. 
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Figure 4.16. Results of gap junction simulation by exponential Euler method 

 

 

 
Figure 4.17. Results of gap junction simulation by crank Nicolson method 

 

 

It can be observed that there is difference between the results which are obtained by two different 

methods in terms of number of spikes. 
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To see the further effect the numbers of gap junctions are increased to two as shown figure 4.18 

and results are presented with the same parameters as in case of single gap junction  in figure 

4.19 & 4.20 with two different numerical schemes as mentioned above. 
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Figure 4.18. Two Gap junctions between two FS neurons 

 

 

 
Figure 4.19. Simulation result by exponential Euler scheme with two gap junctions 
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Figure 4.20. Simulation result by Crank Nicolson with two gap junctions 

 

The simulation results show that difference in terms of number of spikes has been increased 

while using the implicit and explicit schemes as shown in the table 4.1 for cell2. 

 

 

 

number of gap junctions Crank Nicolson (No. spikes) Exponential Euler (No. Spikes) 

1 8 7 

2 12 8 
 

Table 4.1. Number of spikes with different numerical scheme 

 

Furthermore if the number of gap junctions is increased the variation is increased in terms of 

number of spikes and the implicit scheme show better response.  

In numerical simulations greater accuracy can be achieved by using smaller step size but they 

require more computational time. The numerical methods have been designed in order to make a 

best compromise between speed, accuracy and stability. These numerical methods are majorly 

categorized into implicit and explicit schemes [15]. The exponential Euler method is widely used 

in neural simulations because it exploits the structure that exists in the neuron model and often 

provides a better approximation. It is generally a good method for a neuron model having fewer 

numbers of compartments. It has been observed using this method the spiking behaviour changes 

with respect to step size over a wide range of characteristic time scales. This method has less 

capability to deal with a neuron model having large number of compartments. Crank Nicolson 

which is an unconditional stable method and maintain second order accuracy gives the same 

behaviour with respect to step size over a wide range of characteristic time scales (5µsec-

50µsec). Numerical stability can only be attained by using an implicit method when the numbers 

of gap junctions between the neurons are increased beyond a certain limit. The implicit schemes 

are most effective for neurons having the branch structure as used in Hine’s method. 
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There is no generic method to solve different types of numerical problems, and choice of 

numerical scheme depends on the nature of the problem. The best way for choosing the 

numerical method for such problems is to vary the step size and observe the behaviour of the 

electrically coupled neurons. If the behaviour of neurons is the same over a range 5µsec-50µsec, 

the use of large time step will help to speed up the simulation. It would be possible to attain a 

better compromise between speed, accuracy and stability. 

 

4.5 Discussion  

In Striatum there are millions of MSNs which represent its major part. MSN have complex 

morphological structure. Most researchers focus on compartmental modelling of single cell, but 

some time the structures are too much complex that it is not viable to run on a normal single core 

machine. Solution is therefore to divide a single cell on multi processors in such a way as to 

reduce the communication between the processors. Unfortunately it is not possible using parallel 

computing and implicit schemes because of the limitation of the simulator. Simulation of huge 

network MSNs by utilizing the parallel computational resources gives an idea of global 

behaviour of networks of MSNs.  Furthermore a linear speedup is obtained on strong scaling 

because of inherent parallel characteristics of neural networks. Weak scaling also shows good 

scaling properties. It has been demonstrated that simulation of large networks of MSNs has been 

possible by using modern computing technologies.  The role of MSNs in controlling the 

movement can be understood by large scale modelling of neural networks. Another major 

application is to study the network effects of pharmacological manipulations, for example the 

effect of drug on the large network of neurons [23] .  The realistic behaviour of network of 

MSNs is visualized by injecting the current with noise of Gaussian distribution.  In addition to 

that, possible effect of increase in the number of GABA synapse in network is also observed and 

presented.   

The medium spiny neurons are strongly influenced by FS interneurons, which are connected with 

each other via gap junctions. Parallel simulation of gap junction is not possible on Lindgren 

(Cray XE6 system) PDC KTH, Stockholm because deadlock issue was raised on the system 

.However such simulation runs successfully on Intel Xeon having 24 cores. The numerical 

scheme has a strong influence when increasing number of gap junctions. The Crank Nicolson 

method is more accurate and stable as compared to other schemes. The result obtained by such 

scheme can be used as reference. The simulation of FS neurons which are carried out with 

Crank- Nicolson method provided better results than exponential Euler method when the number 

of gap junction reaches beyond certain a limit over a wide range of characteristic time scales. 

The importance of the numerical scheme is highlighted by an example while simulating the FS 

neurons coupled via gap junctions. 

 

 

 

 

 

 

 

 



36 

 

 

5 CONCLUSION AND FUTURE WORK 

 

This chapter provides an analysis and conclusion based on the results presented in the last 

chapter. Furthermore the possible road maps for future work are discussed. 

 

5.1 Conclusion  

This work presents the idea of efficient splitting and simulation of single MSN of complex 

morphology and large scale modelling of MSNs networks using multi-core architecture. Some of 

single cells structures are complex and the details can’t be excluded, thus it is time consuming 

for simulations. It is emphasised that to simulate such models using modern computational 

technologies can accelerate the understanding provided by experimental procedures. There are 

complex networks of MSNs in striatum and it is difficult to get the global behaviour of these 

networks without modelling on supercomputers.  It is encouraging that parallel computational 

techniques helps in exploring the characteristics of MSNs on individual level as well as on the 

network level. Now a days it has been found that Moor’s law is no more applicable to the 

increase of clock rates of single core CPU, but the new road map of number of cores per CPU. 

This new era of parallel computing will definitely help the computational neuroscience field and 

will assist to uncover the dynamic behaviour at cellular and synaptic level [23] . By taking the 

advantage of modern computational machines, the performance analysis in terms of weak and 

strong scaling shows good scaling properties. The role of scientific computing in terms of the 

numerical schemes which could provide the stable results is addressed for gap junctions with 

experimental results.    

5.2 Future work 

In this work the role of parallel computation and numerical schemes have been specifically 

highlighted for simulation of MSNs and FS neurons respectively. It is important to give a future 

road map for the parallel computation of MSNs using the Genesis simulator because such models 

are already tuned on this simulator. In striatum there are networks of MSNs and in which some 

of cell’s structures are complex. It is important that such cells are divided among the processors 

to get the results in less amount of time. After the availability of this feature it would be possible 

that large a network of MSNs with different structures can be simulated by multiple compute 

devices with equal load distribution. Using such a procedure, the results will be acquired 

efficiently. This will become an input for example a mechanical arm on which realistic control of 

movement would be demonstrated in future. Another future road map can be to contribute in the 

robustness of parallel model and use the network for pharmacological manipulations which could 

accelerate experimentation work for investigating the effect of drugs especially for Parkinson 

diseases on the networks of MSNs. 
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After resolution of the deadlock issue which appeared in the parallel simulation of gap junctions 

the next step will be to integrate the FS inter-neurons structure with network of MSNs and to 

demonstrate FS neurons firing pattern. The integration of FS interneurons with MS neurons will 

contribute towards the completion of virtual basal ganglia. 
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