
M U LT I S C A L E M O D E L L I N G I N N E U R O S C I E N C E :

I N T E G R AT I O N O F C O M P U T E R S I M U L AT I O N S O F

B I O C H E M I C A L A N D E L E C T R I C A L S I G N A L L I N G I N

T H E M E D I U M S P I N Y N E U R O N O F T H E S T R I AT U M .

michele mattioni

This thesis is submitted for the degree of Doctor of Philosophy

Churchill College

University of Cambridge

19th April 2012



Michele Mattioni: Multiscale Modelling in Neuroscience: Integration

of computer simulations of biochemical and electrical signalling in

the medium spiny neuron of the striatum., Doctor of Philosophy, ©

19th April 2012



D E C L A R AT I O N

This dissertation is my own work and contains nothing which is

the outcome of work done in collaboration with others, except

as specified in the text and acknowledgements.

This dissertation is not substantially the same as any I have

submitted for a degree, diploma or other qualification at any

other university, and no part has already been, or is currently

being submitted for any degree, diploma or other qualification.

This dissertation does not exceed the specified length limit of

60000 words as defined by the Biology Degree Committee.

This dissertation has been typeset using LATEX 2ε in 12 pt

Palatino, one and half spaced, according to the specifications

defined by the Board of Graduate Studies and the Biology De-

gree Committee.

Cambridge, 19th April 2012

Michele Mattioni





To my family





Anyone who conducts an argument by appealing

to authority is not using his intelligence;

he is just using his memory.

Leonardo da Vinci

A C K N O W L E D G M E N T S

I would like to thank Nicolas Le Novère, to have offered me a

position in the Computational Systems Biology lab and to have

been supportive, helpful and always reachable during my time

spent here at the EBI. Thanks!

I would like to thank all the members of my Thesis Advis-

ory Committee, Dietrich Rebholz-Schuhmann, Hugh Robinson

and Lars Steinmetz for the helpful advices given during the

various TAC meetings. A big thanks also to Stuart Edelstein for

proofreading the thesis.

This time spent was going to be more difficult and lots gloom-

ier without the support of all my labmates, from the technology

side and the research site. Especially, I would like to thank the

former PhD students, now graduated, Dominic, Melanie and

Lu, to have demonstrated that it was possible to actually write

the Thesis and to have spent together enjoyable time.

A special thanks also to the PhD students who started just

after me, Benedetta and Christine, together with Massimo join-

ing from the post-doc side, to have quickly become very good

friends and had re-made the lab life fun.

Thanks also to the my old friends with whom I have started

this adventure at the same time, Julia, Judith, Greg and Markus.

Thanks for the WST, for the CWP and for all the support, good

chat, fun and good times spent together. It was great and I wish

you good luck.

vii



I would like to thank Steven Wilder, for the additional proofread-

ing and suggestions offered, which have helped me to write a

better thesis.

A big thank you to the nice community of predocs and friends

to have been a very important network of friends and always a

source of good time.

Thanks to the enormous amount of people I have met during

this time here and which would be too long to address one by

one. So thank you, you know who you are.

Last but not least, a big thanks to my family, Gabry, Jack and

Moira, who has always been there, supporting me in whatever

idea I wanted to pursue. I can assure you this is a tough job.

Thanks.A.Lot.

Overall this was good fun.

Thanks people.

Cambridge,

19th April 2012

viii



M U LT I S C A L E M O D E L L I N G I N N E U R O S C I E N C E :

I N T E G R AT I O N O F C O M P U T E R S I M U L AT I O N S O F

B I O C H E M I C A L A N D E L E C T R I C A L S I G N A L L I N G

I N T H E M E D I U M S P I N Y N E U R O N O F T H E

S T R I AT U M .

Michele Mattioni

By synaptic plasticity we denote the change of the strength of the

connection between two neurons. This synaptic weight is adjusted

according to the pattern of inputs, but also the integration of electrical

and biochemical messages that are taking place in the post-synaptic

neuron.

The timescales of the electrical processes differ from the biochem-

ical reactions by more than four orders of magnitude, respectively

milliseconds and hours. Therefore, simulating both electrical and bio-

chemical behaviour with a single system is a difficult challenge.

In this thesis I present a new framework, called TimeScales, which

permits to simulate both aspects, using an event-driven-algorithm

to accomplish the synchronization between the electric and the bio-

chemical systems. TimeScales has been tested on an Hybrid Model of

the Medium-sized Spiny Neuron (MSN) of the striatum, a complex

model that I have developed which includes electrical and biochemical

components.

The MSN is the most common neuron in the Neostriatum ( 95%)

and has a large spiny dendritic tree that receives many different neur-

otransmitter signals. This broad spectrum of signals is then processed

and integrated, modulating the electrical behaviour of the cell.

In the Hybrid Model, the spines are explicitly represented and

distributed among the dendritic tree according to experimental data.

In each stimulated spine the strength of the synapse is controlled by a

feedback loop formed by the electrical model and the biochemical one

integrated using TimeScales.
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I also present Neuronvisio, a software to visualize complex neuron

models in 3-Dimensions, to plot and to store the results of simulations

in an efficient and modular way.

x



C O N T E N T S

i introduction 1

1 computational neuroscience 3

1.1 Modelling introduction 3

1.1.1 Different approaches: top down and bot-

tom up 3

1.1.2 Stochastic and deterministic simulations 5

1.2 Electrical and biochemical modelling 5

1.3 Systems Biology and Computational Neuroscience 6

1.3.1 Differences between the two worlds 8

1.4 Multiscale modelling 9

1.4.1 Multiscale modelling in neuroscience 12

1.4.2 To sync or not to sync? That is the ques-

tion 13

1.4.3 Minimum step to create an interface 15

2 channels and pathways integration 17

2.1 Synaptic plasticity 17

2.1.1 Calcium and AMPARs 18

2.1.2 Dopamine neuromodulation 20

2.1.3 STDP in the striatum 21

2.1.4 Endocannabinoids and presynaptic plasti-

city 22

2.2 Spines spatial and temporal integration 22

2.2.1 Role of the neck 23

2.2.2 Clustered Plasticity Hypothesis 24

2.3 The Medium Spiny Neuron and its dendritic tree 25

2.3.1 Basal Ganglia, structure and function. 27

ii timescales 31

3 integration of electrical modelling with bio-

chemical signalling 33

xi



xii contents

3.1 TimeScale Framework 33

3.1.1 Synchronization algorithm 36

3.1.2 Evaluating the system 42

3.1.3 Possible expansion of the synchronization 44

3.2 Hybrid Model of the MSN 46

3.2.1 Electrical model 47

3.2.2 Building the electrical spine model 52

3.2.3 Distribution of the spines in the system 53

3.2.4 Modelling the biochemical signalling 57

3.2.5 Variables exchange 59

3.2.6 Events delivery and biochemical spines’

relationship 67

4 spines interplay 75

4.1 One Spine Stimulation 76

4.2 Multiple Spine Stimulation 81

4.2.1 Effect of frequencies 84

4.2.2 Plasticity contribution on neighbouring spines 97

4.3 Conclusions 100

iii neuronvisio 103

5 handling complex simulations 105

5.1 Shared problems on complex simulations 105

5.2 Run and store simulations with Neuronvisio 106

5.2.1 Materials and methods 108

5.2.2 Basic Usage 108

5.2.3 Plotting and saving a simple model 111

5.2.4 3D representation and animation widow 112

5.2.5 Saving self managed vectors 115

5.2.6 Results 119

5.3 Provenance 120

5.3.1 Sumatra and Git integration 121

5.4 TimeScales, Neuronvisio and Sumatra workflow 122

iv conclusion 125

6 discussion 127



contents xiii

6.1 Event Driven algorithm and Multiscale modelling

in Neuroscience 127

6.2 Neuronvisio software and provenance 131

6.3 Biochemical and electrical interaction in the Hy-

brid Model 132

a appendix 135

a.1 Electrical modelling 135

a.1.1 Hodgkin Huxley model 135

a.1.2 The equation of the conductance 138

a.1.3 Parametrizing the rate Constants 139

a.1.4 Multicompartment model 140

a.2 Biochemical signalling 142

a.2.1 Enzymatic Kinetics: Michaelis-Menten 143

a.2.2 Enzymatic constants: biological meaning 145

a.3 Potassium Inward Rectifier scan 146

a.4 Neuronvisio Installation 148

a.4.1 Requirements 148

a.4.2 Installing instructions per system 148

a.4.3 Package Install 150

a.4.4 Development version and Source Code 150

a.5 Companion DVD 151

references 153



L I S T O F F I G U R E S

Figure 1 Schematic representation of Calmodulin,

Calcineurin and CaMKII with AMPARs. 19

Figure 2 Schematic spatial distribution of the prin-

cipal neurotransmitters delivered to a Me-

dium Spiny Neuron 26

Figure 3 Schema of the circuit of the inputs to the

Striatum. 28

Figure 4 Synchronization schema 39

Figure 5 Event-driven algorithm applied to the Hy-

brid Model. 40

Figure 6 Comparison of the event driven algorithm

with while cycles. 43

Figure 7 Comparison of the event driven algorithm

with while cycles with different sparse-

ness 45

Figure 8 Schematic representation of the Hybrid

Model. 47

Figure 9 Spine’s dimensions and equivalent circuit. 52

Figure 10 Spines distribution and polynomial fitting. 54

Figure 11 Discretized spine distribution per branch. 55

Figure 12 MSN model with 1504 spines. Rendering

by Neuronvisio. 56

Figure 13 MSN model, a zoomed view with one sec-

tion selected. 56

Figure 14 Interaction between ion channels and bio-

chemical signalling. 58

Figure 15 Feedback loop between Calcium concen-

tration and synaptic weight. 63

Figure 16 Comparison between electrical and bio-

chemical Calcium. 66

xiv



List of Figures xv

Figure 17 Two stimuli at different time, same spine. 70

Figure 18 Relative weight of the AMPA synapse 71

Figure 19 Single spine, response at 8 Hz train stimu-

lation. 72

Figure 20 Relative weights of the AMPA synapse. 73

Figure 21 Voltage and biochemical variation. 74

Figure 22 Stimulation of one spine with two trains

at 4Hz. 77

Figure 23 Stimulation of one spine with two trains

at 8Hz. 78

Figure 24 Stimulation of one spine with two trains

at 50Hz. 79

Figure 25 Difference of the voltage response due to

the biochemical response 80

Figure 26 Spines stimulated in the first and second

trains. 83

Figure 27 Response of the spine to the first and second

train. 85

Figure 28 Difference response of the spines in the

two dendrites. 86

Figure 29 Difference of the AMPARs phosphoryla-

tion on two spines at 8 Hz. 87

Figure 30 Calcium response in the spine. 88

Figure 31 Difference of the AMPARs phosphoryla-

tion on two spines at 20 Hz. 92

Figure 32 Difference of the AMPARs phosphoryla-

tion on two spines at 40 Hz. 93

Figure 33 Difference of the AMPARs phosphoryla-

tion on two spines at 40 Hz with a longer

stimuli. 94

Figure 34 Difference of the AMPARs phosphoryla-

tion on spine 559, divided per frequen-

cies. 95

Figure 35 Fractional activation of enzymes versus

time in spine 559. 96



Figure 36 Response of non stimulated spines 98

Figure 37 Spines stimulated in one branch. 99

Figure 38 Neuronvisio Controls main window. 109

Figure 39 Timecourses of the depolarization of the

soma and two dendrites. 113

Figure 40 Depolarization of the pyramidal neuron. 114

Figure 41 Structure of the HDF5 file used to store the

computational results. 116

Figure 42 Global workflow integrating Neuronvisio,

Sumatra and TimeScales. 122

Figure 43 Simulation results loaded in Neuronvisio. 123

Figure 44 Hodgkin Huxley model. 136

Figure 45 Pyramidal neuron, multicompartment schema. 141

Figure 46 KIR max conductance vairation 147

L I S T O F TA B L E S

Table 1 Missed events using the while sync with

∆t equal to 10 and 100 ms. 44

Table 2 Parameters for the sodium and potassium

channels. 50

Table 3 Parameters for the calcium channels. 51

Table 4 Spine’s dimensions and surface. 52

Table 5 Calmodulin parameters for binding Cal-

cium. 60

Table 6 Parametes for the biochemical model. 61

Table 7 Concentration used in the biochemical model

and constants for the AMPARs phosphoryla-

tion and dephosphorylation. 62

Table 8 Duration, frequencies and number of stim-

uli of one train. 76

xvi



Table 9 Durations, frequencies and number of stim-

uli for each simulation’s run for one single

train. 81

L I S T I N G S

Listing 1 Events creation and main algorithm 36

Listing 2 Events broadcasted 45

Listing 3 Medium Model example with Neuronvisio

integration 109

Listing 4 Main file to load the pyramidal neurons 112

Listing 5 Subclassing BaseRef into a cutom myRef

class 116

Listing 6 Creating a myRef object to be save custom

vectors 117

Listing 7 Subclass BaseRef in myRef, creating vec-

tors to record voltage and a custom diction-

ary vecs to record custom arrays. Append

them to the manager object and save the

simulation’s results. 117

A C R O N Y M S

2D Two-dimensions

3D Three-dimensions

AMPA α-amino-3-hydroxyl-5-methyl-4-isoxazole-propionate

xvii



xviii acronyms

AMPAR α-amino-3-hydroxyl-5-methyl-4-isoxazole-propionate

Receptor

AP Action Potential

API Application Programming Interface

ATP Adenosine-5’-triphosphate

bAP backpropagating Action Potential

BKKCa Potassium large-conductance calcium dependent

CaMKII Calmodulin Kinase II

cAMP Cyclic Adenosine MonoPhosphate

CB Cannabinoids

CHASTE Cancer, Heart and Soft Tissue Environment

COPASI COmplex PAthway SImulator

CPH Clustered Plasticity Hypothesis

CPU Central Processing Unit

DA Dopamine

DARPP-32 dopamine- and cAMP-regulated neuronal

phosphoprotein

DVCS Distributed Version Control System

EBI European Bioinformatics Institute

E-LTM Early-Long Term Memory

ER Endoplasmatic Reticulum

ERK Extracellular signal-Related Kinase

EPSP Excitatory PostSynaptic Potential

GABA γ-Aminobutyric acid



acronyms xix

GENESIS GEneral NEural SImulation System

Glu Glutamate

GPe Globus Pallidus External

GPi Globus Pallidus Internal

GPL3 GNU Public License Version 3

GUI Graphical User Interface

HDF Hierarchical Data Format

HH Hodgkin Huxley

KAf Potassium fast A-type

KAs Potassium slow A-type

KIR Potassium Inward Rectifier

KRP Potassium 4-AP resistant persistent

L-LTD Late Long Term Depotentiation

L-LTM Late-Long Term Memory

L-LTP Late Long Term Potentiation

LSF Load Sharing Facility

LTD Long Term Depression

LTM Long Term Memory

LTP Long Term Potentiation

MAGUKs Membrane-Associated GUanylate Kinases

MAL Mass Action Law

MAPK Mitogen-Activated Protein Kinase

MOOSE Multiscale Object-Oriented Simulation enviroment



xx acronyms

MPI Message Passing Interface

MSN Medium Spiny Neuron

MUSIC Multi Simulator Coordinator

NaF Fast Sodium

NaP Persistent Sodium

NMDA N-methyl D-aspartate

NMDAR N-methyl D-aspartate Receptors

NeuroML Neuro Markup Language

NEST Neural Simulation Technology

ODEs Ordinary Differential Equations

PDEs Partial Differential Equations

PKA Protein Kinase A

PP1 Protein Phosphatase 1

PP2B Protein Phosphate 2 B

PSD Post Synaptic Density

PSD-95 Postsynaptic Density Protein 95

PyMOOSE Python Multiscale Object-Oriented Simulation

Enviroment

PySCES Python Simulator for Cellular Systems

RAM Random Access Memory

ROI Region Of Interest

SBGN Systems Biology Graphical Notation

SBML System Biology Markup Language

SED-ML Simulation Experiment Description Markup Language



acronyms xxi

SKKCa Potassium small conductance calcium dependent

SNc Substantia Nigra pars Compacta

SNr Substantia Nigra pars Reticulata

STDP Spike-timing-dependent plasticity

STEPS STochastic Engine for Pathways Simulation

STN Sub Thalamic Nuclei

VCS Version Control System

VGCC Voltage Gated Calcium Channel

XML eXstensible Markup Language





Part I

I N T R O D U C T I O N





1
C O M P U TAT I O N A L N E U R O S C I E N C E

1.1 modelling introduction

A neuron’s response to a train of stimuli is the result of

a very complex set of interactions between electrical channels,

enzymes and ions. To understand which are these interactions

and how they are shaped, experiments are run. Modelling is

often used as a tool to either integrate experimental results

or to predict a possible experiment outcome which is not yet

technically feasible. Quantitative

modelling is used to

predict trends of the

evolution of a

system.

A Model is a simplification of the processes involved. Models

can be either qualitative, able to offer a general view of the events

involved, or quantitative, able to make numerical predictions

about the behaviour of the modelled system, given the initial

conditions.

The underlying biology of the Medium Spiny Neuron (MSN)

will be presented in chapter 2, while in this chapter I will focus

on the modelling part.

1.1.1 Different approaches: top down and bottom up

Quantitative models can use two different approaches to

explain biological life: bottom up and top down. In a bottom up

approach, the intrinsic properties of each entity participating in

the system are modelled, with the system’s properties emerging

from the interactions between them. One challenge of the bot-

tom up approach is to gather all the informations to the extreme

detail which is needed to create the model. These values can be

measured with dedicated experiments, or taken from the literat-

ure. Some of them may need to be estimated by the modeller

3



4 computational neuroscience

when not available from either of these two sources. An ex-

ample of a bottom up approach is the model of dopamine- and

cAMP-regulated neuronal phosphoprotein (DARPP-32), where

some of the known interactions are modelled in great detail by

Fernandez et al. (2006), modelling four different phosphorylated

states of the protein, involved in different pathways.

A top down approach, instead, reverse engineers the read-

out of the system, trying to match the whole system complexity

as a set of general properties. Usually the system is modelled

with the minimal numbers of variables, to keep the overall

complexity small. The variables are not tied with a biological

measurable property, although they usually try to model it as

close as possible. An example is the model from Izhikevich

(2003), where the different shapes of Action Potential (AP) be-

longing to different neurons can be modelled, using only two

variables.

The advantage of this approach is the inherent simplicity of

the model, which has several benefits, from a faster execution

time to an easier way to understand the exact behaviour. In

particular, if the model consists of a small number of equations,

it is possible to perform an analytic analysis of the model. Con-

versely, the major limitation of the top-down is the impossibility

to model the detailed interactions happening between the biolo-

gical entities, which could be required if the focus of the model

is to understand a precise mechanism in a reaction.

The exact contrary situation happens with a bottom-up ap-

proach, where each interaction is modelled in great details,

making a formal mathematical analysis of the system unfeasible.

Numerical integration techniques are usually used to solve this

kind of models.

One should choose the best approach which could solve the

problem at hand, knowing the current limitations of both tech-
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niques. Moreover, a model can be simulated under different

conditions, with different methods.

1.1.2 Stochastic and deterministic simulations

Stochastic and deterministic are two different methods used

to perform simulations. A deterministic method will always

give the same result for fixed initial conditions and it is usu-

ally based on a numerical integration of Ordinary Differential

Equations (ODEs). A stochastic method instead involves the use

of randomness, to add variability to the simulation, which will

have different output. A deterministic model often operates

with continuous variables, e.g. concentration, voltage, while, in

a stochastic model, discrete variables are more commonly used

i.e. number of molecules.

A stochastic simulation has to be repeated many times, to gen-

erate enough data from which to extrapolate average behaviours

of the system. While the deterministic method is faster to com-

pute, the stochastic method could cover corner-cases when the

system can behave unusually. In particular this is the case when

the number of the molecules is close to zero, where a fluctuation

could have a major impact on the simulation’s result (Bhalla,

2004a,b).

1.2 electrical and biochemical modelling

In chapter 3 I will present TimeSeries, a framework to sim-

ulate multiscale models, where I will use an ad hoc developed

multiscale model of the MSN, the hybrid Model, which integrates

neuron (Carnevale and Hines, 2006) for the electrical part, and

e-cell (Tomita et al., 1999) for the biochemical part.

The electrical model is based upon the multicompartment

neuron theory, which is a simplification of the cable equation

proposed by Rall (1959), and use the Hodgkin Huxley (HH)
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formalism to model the channels. The appendix A.1 covers the

subject in great depth, while here I will offer a quick overview.

In a multicompartmental model, the dendrites of a neuron are

virtually chopped into small isopotential compartments, which

are then connected to each other in series with an axial resist-

ance. The current flows from one to another, according to the

different potential between the compartments. Each compart-

ment is modelled as an equivalent electrical circuit, where the

membrane is modelled as a capacitor and the synapses and

channels are modelled as resistances, using the Hodgkin Hux-

ley formalism (Hodgkin and Huxley, 1952). The total current

present in the circuit is calculated as the summatory of the

contribution of all the resistances present in the compartment.

The biochemical model is based instead on Mass Action

Law (MAL) (Guldberg and Waage, 1864) and Michaelis-Menten

theory (Michaelis and Menten, 1913) and explained in appendix

A.2. Using these theories, it is possible to calculate the formation

of the product of a chemical reaction, knowing the concentration

of the substrate and the constant of formation of the product.

All the reactions happening in the same system can be modelled

using this formalism. The reactions are transformed in ODEs and

solved by numerical integration.

1.3 systems biology and computational neuroscience

Building a complex model is a hard task, which requires a lot

of time and research. A common strategy is to reuse or extend

existing models to achieve a higher degree of complexity. This

is not a straightforward operation, especially if the model is tied

to a particular software and expressed in the proprietary format.

Both Computational Neuroscience and Systems Biology have

evolved different repositories, or databases where published

models are available to download and be explored or re-used

by other scientists.
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Many of the neuron models are available from ModelDB1 (Hines

et al., 2004). ModelDB is not a curated repository, however all

the submitted models have to be published in a peer reviewed

journal. The models present in the repository are heterogeneous,

from multicompartment models of reconstructed neurons to

neuronal networks of spiking neurons. A wide variability is

also present among the languages used to encode the model.

Some of them are encoded in Hoc or Python, or both, to be

used with neuron (Hines and Carnevale, 2001), some of them

in G-code, recognized by the internal interpreter of GEneral

NEural SImulation System (GENESIS) (Bower and Beeman, 1998).

Others are one-time models written directly in fortran code or

C code.

An example of the difficulties of porting a complex model

from one simulator to another could be the Purkinje cell, de-

veloped by De Schutter et al. (De Schutter and Bower, 1994a,b)

using GENESIS (Bower and Beeman, 1998). This model consist of

1600 compartments with 10 different HH channels (Hodgkin and

Huxley, 1952) to model the neuron’s response to stimulation.

The dendritic spines are modelled implicitly, however the dend-

ritic tree is reconstructed from biological data. The Purkinje cell

is one of the most complex models of single neuron developed

so far and usually it is used as a benchmark to define the relative

complexity of the model.

Arnd Roth attempted to port De Schutter’s Purkinje model

from GENESIS to neuron (Carnevale and Hines, 2006) preserving

quantitative identity within the two models. Because at the

moment each simulator is using a proprietary way to encode

the model, this attempt turned out to be a daunting task, very

difficult to achieve (Cannon et al., 2007).

A model of the Purkinje cell is now expressed in Neuro

Markup Language (NeuroML) (Gleeson et al., 2010), a language to

describe models of the neuronal systems, from artificial spiking

1 http://senselab.med.yale.edu/ModelDb/default.asp

http://senselab.med.yale.edu/ModelDb/default.asp


8 computational neuroscience

neurons to neuronal networks, and can be run both in neuron

and GENESIS, although some parts of it are not yet completely

tested in neuron
2.

The situation is different in Systems Biology, where the

System Biology Markup Language (SBML) (Hucka et al., 2003)

is recognized as the de facto standard. SBML is a declarative

language where the model is expressed in an agnostic simulator

way. Many models published are available from BioModels

Database (Le Novère et al., 2006), an online3 curated database.

At the time of writing, more than 200 software are able to import

SBML models, with different capabilities4.

1.3.1 Differences between the two worlds

In Computational Neurobiology, the electrical modelling and

the signalling modelling tend to live in two different niches and

hardly get closer (De Schutter, 2008; Le Novère, 2007). Three

main reasons keeping these two fields apart are: (i) the different

timescales involved, (ii) the different mathematical frameworks

used and (iii) the diversity of the two communities, including

also experimental scientists.

The extremely different natures of the timescales involved in

the electrical modelling and the biochemical signalling have not

encouraged the development of software able to synchronize the

two worlds. For example, for a single release of Glutamate (Glu),

the total time needed for a voltage spike to rise and initially

decay will take no more than 30 ms, while it will completely

fade out in 100 ms. The response of the biochemical system,

instead, can be several orders of magnitude greater, spawning

2 Personal communication from Padraig Gleeson.
3 http://www.ebi.ac.uk/biomodels-main/

4 The SBML Matrix http://sbml.org/SBML_Software_Guide/SBML_Software_

Matrix offers a break-down view of the ability of the different software.

http://www.ebi.ac.uk/biomodels-main/
http://sbml.org/SBML_Software_Guide/SBML_Software_Matrix
http://sbml.org/SBML_Software_Guide/SBML_Software_Matrix
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from seconds to minutes or even up to hours or days if new

transcription of genes is involved.

The second reason is the different mathematical frameworks

that are used to model the two sides of the problem. The elec-

trical one is usually based on the cable equation to model the

variation of the voltage within the dendritic tree and Hodgkin-

Huxley formalism to represent electrical channels. The biochem-

ical models usually use chemical kinetics. An overview of the

methods can be found in section 1.2, and a in-depth review can

be found in Appendix A.1 and A.2 respectively.

The third reason is due to the different communities, with

signalling scientists focused on Systems Biology, and electro-

physiology researchers interested in electrical properties of the

neurons and networks.

Despite this distance between the two worlds, there are

some key biological processes which influence each other. An

important example is synaptic plasticity, which is the result

of the interplay between the biological and electrical sides, as

explained in chapter 2.

1.4 multiscale modelling

A model can be considered multiscale when one or both

these conditions are true: (i) the object of the modelling spawns

different orders of magnitude in at least time or space e.g.: from

microseconds [µs] to minutes [min], or from nanometers [nm]

to millimeters [mm]; (ii) parts of the model run with different

timescales and/or with different spatial resolutions, influencing

each other through a systematic exchange of variables (Weinan

and Engquist, 2003).

The result of the simulation is the summa of the different ap-

proaches, combined together, and cannot be achieved using one
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part of the model only, or simulating them in a disconnected

way. All branches of Biology are inherently multiscale. Neuros-

cience as well has also to address multiscale problems, where

for example, an excitatory release of glutamate can trigger an

increase in the Calcium concentration, which can then act as

second messenger, stimulating complex biochemical cascades

with timescales spanning from minutes to hours or days. Non-

etheless, given the wide spectrum of the processes involved,

communities have focused on one particular domain, the elec-

trical aspect or the biochemical one.

In other disciplines, as material science or fluid dynamics,

multiscale modelling is in a much more mature state. Hor-

stemeyer (2009) has reviewed the state of the art in fluid dy-

namics, where multiscale modelling is applied to both solid

and fluid materials, with nearly ten thousands papers address-

ing the problem. Science of materials is in a similar situation,

where field theory is used to treat in the same way lengths

belonging to the quantum or the continuum space (Baeurle,

2009). In climatology, turbulent flows and mass distribution

vary on different lengths, requiring the use of multiscale model-

ling (Majda, 2000). In cardiac electrophysiology, Cancer, Heart

and Soft Tissue Environment (CHASTE) is an example of a frame-

work for multiscale modelling, focused on discrete modelling of

cell populations, with specific application to homoeostasis and

carcinogenesis (Pitt-Francis et al., 2009).

Analytical technique can be used to integrate two different

models. For example, one is the averaging technique, where

the slower variable is sampled at constant interval, to obtain

the general behaviour, and this is used to compute the fast

variable. Another is the homogenization technique, where the

slower variable is expressed as a coefficient, which is then used

to compute the fast variable (Weinan and Engquist, 2003).
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While other analytical techniques have been developed (Weinan

and Engquist, 2003), they cannot be applied if the model is

extremely complex. Another possibility to build a multiscale

model is to use an interface to connect two different models.

This approach is for example used in docking models, where

the active site of an enzyme and its target are modelled using

quantum physics, while the rest of the protein is modelled us-

ing molecular dynamics (Burger et al., 2011). The two parts of

the model interact with each other through an interface, which

makes sure the systems are coordinated. This type of approach

is closer to current strategy used by the models which are trying

to interface Computational Neuroscience and Systems Biology.

Ingram et al. (2004) proposed different ways to interlink

models of different scales. Six definitions were proposed: mul-

tidomain, multidomain with interface zone, embedded, parallel,

serial and simultaneous. The characterization between the dif-

ferent cases, is based on the distribution of the models in the

volume. In the multidomain, the models are based in differ-

ent volumes, and they are sharing some variables which are

exchanged between the two systems. In multidomain with in-

terface zone, the models are still in separate volumes, however

they share a common interface where they do co-exist. In the

embedded case, one model is fully contained within the other,

and it is used to model the process of interest in a more fine

scale. The last three instead assume both models are coexisting

on the same volume, however the exchange of variable happens

with different timing.

The characterization is based on the different volumes occu-

pied by the models and it is aimed to chemistry engineering,

not being directly applicable to computational neuroscience.

however, it is possible to borrow some aspects of the idea for

multiscale modelling. In particular, the interlinking idea could

be used to define how two models can interact within each other.

The models are used as separate blocks with different variables,
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and they share a set of variables which are exchanged between

them and are interdependent.

1.4.1 Multiscale modelling in neuroscience

In Computational Neuroscience, the problem of multiscale

modelling invests different aspects. While spatial stochastic

simulation of a femtoliter, (10−15 l), can give a very detailed

approximation of the dynamics happening within a spine of

a neuron (Wils and De Schutter, 2009), it is not feasible to

model the entire neuron using the same technique. Therefore a

possible solution could be to integrate spatial simulation with a

multicompartimental HH based model. This multiscale model

could provide the ability to understand the overall electrical

behaviour of the neuron, with the ability of zooming in a specific

part of the neuron, using the spatial simulation to have a detailed

understanding of this Region Of Interest (ROI).

Modelling large neuronal networks poses the same problem,

given the fact that multicompartment neurons requires sub-

stantial computational facilities to model part of the brain (Ver-

vaeke et al., 2010). For example, to model the whole brain,

dedicated hardware is needed, such as the supercomputer IBM

BlueGene/L, used by the Blue Brain project (Markram, 2006).

Therefore, a possible solution is to model large networks using

integrate and fire neurons (Brunel and van Rossum, 2007) or

spiking neurons (Izhikevich, 2003), and integrate them with

multicompartimental model only in the ROI.

The timescale issue also applies when modelling the interac-

tion between the electrical and the biochemical processes. Both

domains could be modelled using ODEs and Partial Differential

Equations (PDEs), however the difference of timescales between

the fast reactions and the slow reactions will impact the effi-

ciency of the numerical solver. More over, the electrical and the
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biochemical system will not always interact, but only when a

certain type of event, like a stimulation, will happen, making

the continuous integration an overkill. The interlinking of two

models, which are addressing different scales, is particularly in-

teresting in computational neuroscience, which is rich of models

addressing either neuronal networks, single cell, single domain

like a spine, or to specific biochemical signalling.

1.4.2 To sync or not to sync? That is the question

In a multiscale model built with two submodels which are

interlinked with each other, the timing of the sync is one major

important factor to take in account, together with the number

of times this happens. Borrowing the terminology from the net-

work domain, it is possible to define the interlink as connectivity,

which could be defined as sparse, when the number of syncs

requested during the whole simulation is low, and dense, when

the number of syncing between the two models is high.

In a dense connectivity scenario, one solution is to synchron-

ize the two models at a fixed ∆t throughout the entire simulation.

The size of the interval is critical. A small interval will be able

to assure a constant syncing between the two systems, however

it will be very computationally expensive. On the other hand,

although a large interval will speed up the simulation consist-

ently, the likelihood to miss a syncing event is rather high. This

approach has been used by Ray and Bhalla (2008) with a one

millisecond as fixed interval, for a short time of the simulation,

in one of the first works to integrate electrical and biochemical

signalling.

In a sparse connectivity scenario, if the two models are

simulated in a parallel fashion, a rollback technique can be used,

as demonstrated by Cvijovic et al. (2008). Although the work

has been carried out on yeast, the technique is still of interest in
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synchronizing two models. The rollback technique consists of

advancing the two models as far as possible in time, while an

event detection system makes sure there is no need to sync them.

If an event happens, and the sync is necessary, both models are

rolled back to the latest time point before the event happened.

Then, they will sync and the simulation will continue, running

them separately as far as possible. The action of rollback is

expensive, therefore this technique can be applied only if the

connectivity is sparse and if the two models are running in

parallel.

A different solution to the problem of syncing has been

proposed by Multi Simulator Coordinator (MUSIC) (Ekeberg

and Djurfeldt, 2008), a library which facilitates the interac-

tion between simulators, taking advantage of Message Passing

Interface (MPI) (Gabriel et al., 2004; Gropp, 2002) for the com-

munication. MUSIC does not take into account if the multiscale

model is with a dense or sparse connectivity. Instead it defers the

decision to simulators, providing an Application Programming

Interface (API) to make them sync. Each simulator communicates

is able to sync to the others by emitting a tick, which is used to

synchronize the simulators at the same point in time.

A consistent strategy, which could be used both in sparse

and dense connectivity, and which will minimize the num-

ber of syncing between the models, could help to advance the

multiscale modelling in computational neuroscience. In chapter

3, I will present my solution to this problem, a new event-driven

algorithm, which can be used in both conditions of sparse and

dense connectivity and which economizes the number of syncs.

The algorithm is inserted within the TimeScales framework, and

to demonstrate the application, I have used on the Hybrid Model

of the MSN, which I have developed, which integrate electrical

modelling with biochemical signalling.
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1.4.3 Minimum step to create an interface

Usually different models which are dedicated to a certain

aspect are written in different simulators, therefore there is also

the need to find a possible solution to the problem of integration

and communication. Usually, any simulator could be interfaced

with another one if both can offer at least three public methods:

(i) step(), (ii) set(), (iii) get().

The method step() is used to advance the simulator to an

arbitrary time point, while set() and get() are used to write

and read variables. All these methods should be callable at

runtime, without breaking the internal integration method used

by the simulator. Keeping those requirements in mind, I have

explored the possible solutions and the available softwares.

If both simulators are running as parallel applications using

MPI (Gabriel et al., 2004; Gropp, 2002), and they support the

MUSIC (Ekeberg and Djurfeldt, 2008) library, it is possible to

exchange variables and synchronize them using the interface

of this library. At the time I started my work, the MUSIC library

was not yet implemented in neuron or in any other simula-

tion software able to solve biochemical models. The use of MPI

does not offer any computational benefit for single cell models,

therefore this was not a feasible solution.

For the electrical part I have decided to use neuron thanks

to the new python interface (Hines et al., 2009) and the ability

to offer the three required public methods.

For the biochemical part I have explored different simulators.

At the beginning I have explored COmplex PAthway SImulator

(COPASI) (Hoops et al., 2006) and ODESolver (Machné et al.,

2006), however they did not expose the public methods I needed.

I have moved onto experimenting with STochastic Engine

for Pathways Simulation (STEPS), a stochastic simulator which
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permits one to model reaction diffusion in an arbitrary 3D

space, for which I also wrote a prototype of SBML importer

which is available online5. When I started my research STEPS was

supporting only a stochastic method6. Although the algorithm

I have developed and will present in chapter 3 can support

both stochastic and deterministic simulations, to speed up the

development process, I preferred to focus on only deterministic

simulations.

Python Simulator for Cellular Systems (PySCES) (Olivier et al.,

2005) has a Python runtime interface, however it was not pos-

sible to advance the simulation to an arbitrary point in time and

continue the simulation from there. Therefore I have decided

to work with e-cell (Tomita et al., 1999), which had the three

public methods I needed and had a python runtime interface.

5 https://github.com/mattions/steps_sbml

6 STEPS has now a deterministic method of integration as well (Wils and

De Schutter, 2009).

https://github.com/mattions/steps_sbml


2
C H A N N E L S A N D PAT H WAY S I N T E G R AT I O N

Neurons are connected through synapses, either on the shaft

of the dendrites, or on dedicated structure such as spines, a

small but highly organized protuberance of the dendrite. In

the MSN of the striatum, inhibitory projections, releasing γ-

Aminobutyric acid (GABA) neurotransmitter, connect directly

to dendrites. Excitatory projections, instead, which are using

Glu or neuromodulators, i.e. Dopamine (DA), usually connect to

spines (Wilson, 1992).

Synapses have the ability to change their strength through

time, and this characteristic is used by neurons to record and

memorize experience (Hebb, 1949).

2.1 synaptic plasticity

Synaptic plasticity can be defined as the ability of a syn-

apse to learn from experience and change its strength accord-

ingly. The different strengths influence the postsynaptic response

elicited by a given presynatic input. In particular, it is pos-

sible to distinguish at least two main categories of synaptic

plasticity called Long Term Potentiation (LTP) and Long Term

Depression (LTD), the former being an increase of the neuron

response to the stimuli, the latter being a decrease.

This process usually takes place in the spine, where a com-

plex network of enzymes can modulate the activity of the

ionic channels, through phosphorylation, dephosphorylation

or recruitment of new channels from the extra synaptic mem-

brane (Kennedy et al., 2005; Malenka and Bear, 2004). For ex-

17
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ample, the number of α-amino-3-hydroxyl-5-methyl-4-isoxazole-

propionate Receptor (AMPAR)s present in the Post Synaptic

Density (PSD) is involved with the synaptic strength, contribut-

ing to LTP if in high concentration, or to LTD if in low concentra-

tion.

The trafficking of the AMPARs is regulated by a network

of phosphatases and kinases (Esteban et al., 2003; Hayer and

Bhalla, 2005; Malinow and Malenka, 2002) and by the brownian

diffusion of the receptors in the membrane (Tolle and Le Novère,

2010). When phosphorylated, AMPARs increase their number in

the PSD, increase their opening time and also bind to Membrane-

Associated GUanylate Kinases (MAGUKs) and especially to Postsynaptic

Density Protein 95 (PSD-95) in the adult (Elias et al., 2006, 2008).

2.1.1 Calcium and AMPARs

Calmodulin Kinase II (CaMKII) is one of the kinases able to

phosphorylate the AMPARs, recruiting them from the perisyn-

aptic and extrasynaptic membrane, while Protein Phosphate 2

B (PP2B), also called Calcineurin, and Protein Phosphatase 1 (PP1)

are phosphatases able to dephosphorylate them, decreasing the

concentration in the PSD.

Both CaMKII and PP2B are active when bound to Calmodulin,

which shifts the activity from CaMKII to PP2B according to the

concentration of Calcium present in the spine.

The concentration of Calcium in the spine is the result of the

activity of the different types of channels. Calcium enters the

spine through the N-methyl D-aspartate Receptors (NMDAR)s,

which are synaptically driven and respond to glutamatergic

inputs like the AMPARs, and it is also released from intracellu-

lar compartments such as the Endoplasmatic Reticulum (ER).

The opening of NMDARs and AMPARs is able to depolarize the

neuron, changing the membrane potential. The Voltage Gated
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Calcium Channel (VGCC)s, which are voltage dependent chan-

nels, respond to this depolarization. The VGCCs usually start to

open at a certain threshold, usually -30 mV.

In the MSN spine, the influx of Calcium is dependent on the

inputs’ frequencies received by the spine’s synapses, with a spe-

cial contribution from the AMPARs permeable to Calcium (Carter

and Sabatini, 2004). In fig. 1 is presented a schematic repres-

entation of a feedback loop which involves the AMPARs, the

Calcium (Ca2+) and the biochemical pathway which involves

CaMKII, Calcineurin and PP1.

PSD

Head

Neck

AMPAR

K+ channel

NMDAR

VGCC

Ca2+

PPP

CaMKII

Calcineurin

low high
PP1

Figure 1: Schematic representation of the integration between the bio-

chemical pathway of Calmodulin, Calcineurin and CaMKII

and the Calcium influx coming from the AMPARs and other

channels in the spine.

In hippocampal slices from mice, it has been shown that

Calcium-permeable NMDARs can be phosphorylated by Protein

Kinase A (PKA), a Cyclic Adenosine MonoPhosphate (cAMP)

dependent kinase which enhances the Calcium flux through the

receptors (Skeberdis et al., 2006). Likewise, L-type Calcium chan-

nels 1.2 and 1.3 are also targets of PKA, and they demonstrate an
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increase of Calcium flux after phosphorylation (Surmeier et al.,

2007).

2.1.2 Dopamine neuromodulation

DA is a neuromodulator, released by the mesencephalon,

the midbrain, which has an important effect on the strength

of the synapses in the spines of the MSN. It has been shown

that the disruption of DA release is involved in Parkinson’s

disease (Dagher and Robbins, 2009; Frank, 2005; Guthrie et al.,

2009).

Two different families of DA receptors are known, D1-like,

formed of D1 and D5 receptors, and D2-like, formed of D2, D3,

D4 receptors. All these receptors are metabotropic G-protein

coupled. Their activation could increase or decrease the concen-

tration of cAMP.

One target of cAMP is DARPP-32, which is a hub protein

capable of influencing several cascades thanks to its four phos-

phorylation sites on Serine 137 and 102, and on Threonine 34

and 75 (Fernandez et al., 2006). In particular, the potent inhibi-

tion of DARPP-32 on the PP1 has an important effect in connecting

the DA activated pathway with the Calcium one, consisting

of CaMKII, Calcineurin (also known as PP2B), and Calmodulin.

Other proteins which have been proposed to have a similar hub-

like function are Ras, Rap and Rac (Kennedy et al., 2005), cap-

able of integrating several pathways, especially the Extracellular

signal-Related Kinase (ERK)-pathway, involved in Late Long

Term Potentiation (L-LTP) with translation and transcription of

new proteins (Yasuda et al., 2006).
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2.1.3 STDP in the striatum

The strength of a synapse between a postsynaptic neuron

and a presynaptic neuron varies according to the time of stim-

ulation. In Spike-timing-dependent plasticity (STDP), the order

of a presynaptic AP and postsynaptic backpropagating Action

Potential (bAP) influences the synaptic strength. For example,

in the hippocampus and cerebral cortex, STDP Late Long Term

Depotentiation (L-LTD) occurs if the pre-synaptic AP precedes

the post-synaptic AP within a certain time window (Buchanan

and Mellor, 2010).

The role of STDP in the MSN has started to be studied only

recently, and the available works coming from different labs are

offering discordant results (Fino et al., 2005; Pawlak and Kerr,

2008; Shen et al., 2008b). In 2005, Fino et al. (2005) have shown

a "reverse" STDP behaviour for the MSN, where the stimulation

of the striatal neuron before the cortical one was able to induce

LTP, while the stimulation of the cortical before the stimulation

of the striatal neuron was able to induce LTD. The opposite

has been reported by Pawlak and Kerr (2008) and Shen et al.

(2008b), where a positive timing (pre-post) is able to provoke

LTP and a negative timing (post-pre) induces LTD, although in

the MSN with D2 receptor the LTD is difficult to reproduce in

vitro (Shen et al., 2008b). It has to be noted that all the protocols

used for the experiments are different, therefore it has been

suggested that the biochemical influence on the cascade could

have a major role (Fino and Venance, 2010; Wickens, 2009).

The major difference between the work of Fino et al. (2005) in

respect of Pawlak and Kerr (2008) and Shen et al. (2008b) is the

pharmaceutical blockade of the GABAA receptors which could

have an effect on the response of the neuron.
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2.1.4 Endocannabinoids and presynaptic plasticity

Most of the plasticity in the MSN takes place in the postsy-

naptic neuron, however there are some forms of presynaptic

plasticity which are present in the striatum. An example is the

action of the endocannabinoids, fatty acid, produced at the

postsynaptic site, which then migrate as retrograde messengers

to the presynaptic site (Gerdeman and Lovinger, 2003). The

Cannabinoids (CB) receptors, divided into CB1 and CB2, are able

to recognize them. The two types of receptors have different

functions: the CB2 has a role in the immune system (Gerdeman

and Lovinger, 2003), while the CB1 receptor is able to inhibit the

Adenylate Cyclase and has also an effect on the VGCC (Gerde-

man and Lovinger, 2003; Wickens, 2009). This mechanism can

induce LTD, reducing the firing rate of the presynaptic neuron.

2.2 spines spatial and temporal integration

The development of a spine is a very dynamic process. A new

spine can be formed in weeks, and can disappear in months (Al-

varez and Sabatini, 2007). Spines are usually divided into four

categories according to the shape: stubby, mushroom, thin and

filopodia. However, the shape alone could be deceiving, due to

the fact that the diameter of the spine’s head changes greatly.

Shen et al. (2008a) proposed dropping this classification, in fa-

vour of using the head diameter alone, which ranges from 0.2

to 1.4 µm.

The spine’s volume has been associated with the synaptic

plasticity of the spine, where spines with an increased volume

are able to sustain LTP (Park et al., 2006). The increased volume is

connected with actin remodelling (Honkura et al., 2008; Okamoto

et al., 2009) and a higher number of AMPARs in the the PSD,

which deliver an increased current (Matsuzaki et al., 2004). This

affects directly stimulated spines, but not neighbouring spines,
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which are delivering the same amount of current as before the

stimulation (Matsuzaki et al., 2004).

2.2.1 Role of the neck

The spine is connected to the parental dendrite through its

neck. The difference in the diameters between the two causes an

impedance mismatch, which means the current from the spine’s

head cannot easily flow into the dendrites, due to the high res-

istance of the neck. The role of the spine’s neck is controversial,

with two main hypotheses being proposed. According to Palmer

and Stuart (2009), the neck does not have a big influence on the

magnitude of the Excitatory PostSynaptic Potential (EPSP) and

it does not operate a voltage drop on a bAP coming from the

parental dendrite. Conversely, Araya et al. (2006b) have shown

that the neck is able to filter the transmission of the voltage

on the parental dendrite and it is able to isolate the spine elec-

trically (Araya et al., 2006a). Similar results have been found

by Grunditz et al. (2008), where the neck has been shown to

be able to filter the electric inputs coming from the head and

the ones from the dendritic tree. Its contribution affects the in-

teraction of the different electrical channels which are inside

the spine’s head, where the NMDARs and the AMPARs, both

voltage sensitive, are showing different dynamics in the flux of

the Calcium (Bloodgood et al., 2009).

While the role of the neck on the conduction of the electrical

input is still under investigation, the ability to create an isolated

biochemical compartment makes the spine able to operate on an

individual plasticity, trapping AMPARs (Ehlers et al., 2007), with

the ability to change their number explained in section 2.1.1.

Hence, the neck is able to reduce the mobility and diffusion

of proteins outside the spine, therefore creating an isolated

biochemical compartment from the cytoplasm of the dendritic

shaft (Kennedy et al., 2005).
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The spine is therefore a complex part of the neuron, where

the electrical processes and the biochemical reactions influence

each other in an isolated compartment, which is still however

able to influence the parental dendrite and therefore the whole

neuron.

2.2.2 Clustered Plasticity Hypothesis

The ability of neighbouring spines to influence each other,

even if not directly stimulated, has been proposed by Govindara-

jan et al. (2006). According to the Clustered Plasticity Hypothesis

(CPH), the computational unit is not the spine alone as proposed

by Matsuzaki et al. (2004), but the dendritic branch where the

stimulated spines resides. It has to be noted that Govindarajan

et al. (2006) are referring to an ensemble of stimulated spines,

therefore each spine still contributes to the synaptic plasticity,

either being in a L-LTP or L-LTD status, but also integrates with

the others. This creates specialized engrams, composed of pre-

cise set of spines. In a recent paper, Govindarajan et al. (2011)

have demonstrated this ability on a hippocampal slices.

Proposed mechanisms which neighbouring spines could use

to influence each other are: (i) the supralinear integration of

inputs (Bloodgood and Sabatini, 2007; Gasparini and Magee,

2006), (ii) the diffusion of proteins like Ras (Harvey et al., 2008;

Lee and Yasuda, 2009; Yasuda et al., 2006), which are able to

migrate from one stimulated spine to neighbouring ones.

Given the continuous interaction between the biochemical

and the electrical processes, a multiscale model of the MSN with

explicit spines could help to understand how the two processes

interact with each other, detailing the different timescales in-

volved and what is the effect on a single spine. Hence, the model

could also be used to assess the effects and interactions of a

stimulated spine with the neighbouring ones.
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2.3 the medium spiny neuron and its dendritic tree

The MSN is the most common neuron in the Basal Ganglia

(95%) (Tepper et al., 2007). The MSN has a large spiny dendritic

tree that receives several different neurotransmitter signals. This

broad spectrum of signals is then processed and integrated,

modulating the electrical behaviour of the cell.

Among the most important neurotransmitters received by

the MSN are Glu from the Prosencelaphon, DA from the Mes-

encelaphon, Acetylcholine from local Large Aspiny Interneurons

and GABA from others striatal MSNs. Others neuromodulators

are expressed and integrated in the MSNs, such as Norepineph-

rine, Anandamine, and neuropeptides, such as enkephalin, dyn-

orphin, somatostine, Substance P and neurotensin (Graybiel,

1990).

The receptors for different neurotransmitters are not ar-

ranged uniformly in the MSN. The receptors for Glu and DA

are found in the distal part of the dendritic tree, with Glu re-

ceptors located on the spine’s head and DA receptors usually on

the neck (Wilson, 1992). The receptors for Acetylcholine and for

GABA are located on the proximal part of the dendritic tree and

also on the soma of the neuron, as shown in figure 2.

The MSN is a symmetric neuron, with a dendritic tree formed

by four or more proximal dendrites which fork in medial and

distal dendrites (Wilson, 1992). Gertler et al. (2008) have shown

an important difference among the dendritic tree of MSNs with

a D1-like receptors or D2-like receptors. D1-like have a bigger

dendritic tree with a higher number of proximal, medial and

distal dendrites. Instead, D2-like rich MSNs have fewer proximal

dendrites and an overall smaller tree. Rheobase current is

defined as the

minimum

amplititude current

injected in the

neuron for an

infinite time to

trigger an AP.
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Figure 2: Schematic spatial distribution of the principal neurotrans-

mitters delivered to a MSN. The DA, in green, is released as

volume transmission and the receptors are usually located in

the spine’s neck and in the dendrite, while the Glu, in blue,

is released in the synaptic cleft between the axon and the

spine, where the receptors are located. The receptors for the

GABA, in grey, and the acetylcholine, in orange, are usually

located at the level of the soma or proximal dendrites.

The dendritic tree extension has an effect on the rheobase

current, where, while a current of 150 pA for 200 ms is able to

trigger an AP for the D2-like but none for the D1-like, a current

of 210 pA for 200 ms is instead the rheobase for the D1-like,

triggering several AP for the D2-like (Gertler et al., 2008).

A distinctive trait of the MSN is the the hyperpolarized rest-

ing potential, which varies between -90 and -80 mV in the Down

state and between -70 and -40 mV in the Up state (Gertler et al.,

2008; Wilson, 2007, 1992). The hyperpolarized membrane po-

tential is due to the presence of potassium channels, which

are distributed in the dendritic tree in a non-homogeneous
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way (Wilson and Kawaguchi, 1996). A disruption of the dis-

tribution of the potassium channels among the dendritic tree

seems to be involved with the insurgency of Parkinson’s dis-

ease (Day et al., 2008). This could be related to the DA regulation

on the potassium channels, in particular through the PKA path-

ways (Surmeier et al., 2007). The Up state is synaptically driven

by inputs coming from the Cortex (Blackwell et al., 2003). It has

been suggested that, without the potassium channels able to

keep the MSN highly depolarized, the neuron could not resist the

high frequencies of inputs and could be damaged by it (Wilson

and Kawaguchi, 1996).

A stimulated spine tends to work as a single, compartmen-

ted unit for Calcium propagation, with a reduced amount of

Calcium going into the dendritic shaft and no relevant amount

in neighbouring spines (Bloodgood and Sabatini, 2007; Carter

and Sabatini, 2004; Grunditz et al., 2008; Noguchi et al., 2005).

However, bAPs are able to trigger an anomalous Calcium diffu-

sion in the spine, with an increased cytosolic concentration in

distal spines of MSN with D2 receptors, instead of D1, when Kv4

potassium channels are inhibited (Day et al., 2008).

2.3.1 Basal Ganglia, structure and function.

The striatum or neostriatum, is the entry door of Basal

Ganglia, an important structure of the brain involved in the

cortical striato-thalamic loop. The striatum is a structure formed

by the Caudate, the Putamen, the Nucleus Accumbens and the

olfactory tubercle. In figure 3 is shown a schema of the connec-

tion to the Striatum, regarding the Caudate and the Putamen

part. The striatum projections follow two different pathways:

(i) the direct pathway, which connects the striatum with the

Globus Pallidus Internal (GPi) and the Substantia Nigra pars

Reticulata (SNr), (ii) the indirect pathway, which connects the

striatum with the Globus Pallidus External (GPe). The GPe pro-
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jects to the Sub Thalamic Nuclei (STN). All these projections are

GABAergic.

Dopamine
modulatory

Glutamate
excitatory

GABA
inhibitory

Cortex

Striatum

Substantia
Nigra

Compacta

Globus 
Pallidus
Internal

Substantia
Nigra

Reticulata

Globus 
Pallidus
External

Thalamus

Sub 
Thalamical

Nuclei

D1 D2

Brainstem and
Spinal Cord

Figure 3: Schema of the circuit of the inputs to the Striatum. The

schema focuses on the inputs to the Caudate and Putamen

of the Striatum. This shows in the middle, the direct path

striatum-GPi, on the right, the indirect path striatum-GPe-STN

and on the left, the loop that connects the striatum back

to the Cortex going through the thalamus. In blue are the

excitatory projections, in red the inhibitory projections and

in green the neuromodulators projections.

The STN sends a glutamatergic projection to the GPi. The

GPi projects to the Thalamus and the Substantia Nigra pars

Compacta (SNc) connects with DA projections to the striatum (Tep-

per et al., 2007).
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The Basal Ganglia plays an important part in the control of

voluntary movements and emotions. It is also involved in more

cognitive functions (Antzoulatos and Miller, 2011), especially

regarding reward and learning.
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I N T E G R AT I O N O F E L E C T R I C A L M O D E L L I N G

W I T H B I O C H E M I C A L S I G N A L L I N G

3.1 timescales framework , a general approach to

integrate biochemical with electrical model-

ling

Synaptic plasticity is the biological process that modulates

the strength of the connection between two neurons at the syn-

aptic level. The plasticity is usually defined using a time relation-

ship, which compares the different responses of the synapse to

the same stimuli after a certain interval. Several factors influence

the strength of the synapse, such as the number, state and type

of receptors present in the PSD (Malenka and Bear, 2004). An

increase of the synaptic strength is called LTP and a decrease is

called LTD. The synaptic

strength is also

sometimes referred

to as weight.
The timescales involved in this biological processes span

from microseconds to minutes or even up to hours and days

when translation and transcription occur (Citri and Malenka,

2008). This division is used to classify Long Term Memory (LTM)

into two groups: Early-Long Term Memory (E-LTM), when there

is no protein translation and the maximum timescale is usually

in the range of minutes, and Late-Long Term Memory (L-LTM),

when the synthesis of new proteins is required and the range is

of hours or longer (Govindarajan et al., 2011).

Only a multiscale modelling approach can address the wide

range of timescales, including spatial, electrical and biochemical

information (Kotaleski and Blackwell, 2010). The integration of

different models in one bigger model is becoming more common

33
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in Systems Biology, thanks also to standards that are giving

guidelines how to approach this (Le Novère, 2006). Complex

models can be created joining together different smaller models

to simulate a complex scenario (Le Novère, 2007).

While this approach is possible with models which share

the underlying mathematical framework, such as the pathway

based SBML models, the same strategy cannot be applied for

biochemical signalling and the electrical modelling. These two

fields are usually investigated using two different mathematical

approaches, which are solved using different methods.

Simulators usually have specialized to solve one specific

domain. For example neuron (Carnevale and Hines, 2006) can

solve electrical propagation of the voltage using the cable equa-

tion, however can not be used to run spatial simulation. e-

cell (Tomita et al., 1999) can simulate models using stochastic

and deterministic solvers, but has no notion of the cable equa-

tion and propagation of the voltage between compartments.

GENESIS (Bower and Beeman, 1998) with the KinetiKit exten-

sion (Vayttaden and Bhalla, 2004) tried to merge the two worlds,

proposing a simulator able to solve biochemical signalling and

electrical modelling. The way to connect the two parts of the sim-

ulator is only stated in the book of GENESIS (Bower and Beeman,

1998) as technically feasible, but, to the best of my knowledge,

no working model has been published.

GENESIS core was rewritten in the Multiscale Object-Oriented

Simulation enviroment (MOOSE) and in 2008 Ray and Bhalla

(2008) presented a way to couple neuron with Python Multiscale

Object-Oriented Simulation Enviroment (PyMOOSE), the Python

binding of MOOSE. While this is the first attempt to run electrical

and biochemical simulation together, the integration between

the two systems is achieved with a loop which syncs with a fixed

∆t of 1 second the electrical and the biochemical simulations.

More recently Bhalla (2011) explored the multiscale modelling
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approach using the MOOSE software. The multiscale model con-

sisted of 3 spines a hippocampal neuron where the biochemical

model was integrated with biochemical model, always using

a while loop to synchronize the electrical and the biochemical

models.

To achieve more flexibility, making sure the sync between

two different simulators is performed only when it is needed,

and to adapt to a complex firing pattern, I have developed an

event-driven synchronization algorithm and fitted it into the

TimeScales framework.

TimeScales has been developed to bridge the gap between

different simulators, using Python language as glue. The two

simulators used to test it are neuron (Carnevale and Hines,

2006) for the electrical modelling and e-cell (Tomita et al.,

1999) for the biochemical signalling. Each simulator is controlled

by a simulator manager, i.e. neuronManager and ecellManager,

which plugs each simulator into the algorithm of the framework.

TimeScales can be extended to incorporate any other simulat-

ors which offers a python runtime control like PyMOOSE (Ray

and Bhalla, 2008), STEPS (Wils and De Schutter, 2009) or CO-

PASI (Hoops et al., 2006).

Therefore TimeScales works as a meta-simulator, able to run

an Hybrid Model, a collection of two or more different models as

an holistic system, connecting them together and taking care of

the synchronization.

To perform an optimum synchronization, two main informa-

tion should be available to the main synchronization algorithm:

(i) the events’ time, (ii) the variables to exchange. To achieve

this objective the simulators need to expose three methods: a set

method, used to set the value of a variable, a get method, to read

the value of a variable and a step method, to advance the simu-

lator forward in time. The events handling will be discussed in

section 3.1.1.1, while the variables to exchange are discussed in

section 3.2.5.
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3.1.1 Synchronization algorithm

The algorithm synchronizes the two simulators only when

an event will affect both, otherwise it will run the simulators

separately. The main idea behind the algorithm is to run the two

simulators detached from each other as long as possible and to

minimize the time spent in the time consuming syncing loop.

3.1.1.1 Events handling

The synchronization is event-drive, therefore the times of the

events are key information for the system. The events could be

known a priori, as for example the case considered in this thesis

or the event can be an emergent property of the system, as for

the example in a neuronal network setup. Currently TimeScales

focuses only on the first case, but in section 3.1.3 is suggested

how to extend the current framework to operate in a situation

where the events are generated during the simulation.

In the first case, the events can be sorted chronologically in

a list, which is checked to decide if the synchronization has to

be performed or not. The first chronological event will be the

point where the synchronization will happen. The event will be

removed from the queue, and the procedure will be repeated

until the end of the time of the simulation, as shown in pseudo

code in listing 1.

Listing 1: Events creation and main algorithm

1 events_queue = create_events_queue()

2 while (events_queue != []):

3 event_time = events_queue.pop()

4 run_separately(event_time)

5 synchronize(event_time)

6 run_separately(tstop) �



3.1 timescale framework 37

3.1.1.2 Deciding the hierarchy

In a master-slave configuration, the master process distrib-

utes the work to the several slave processes, which are going

to execute it, and will return the result back to master, which

will assemble the complete result. This strategy it usually ad-

opted to parallelize the execution of complex programs, as it

is used for example by the MPI packages (Gabriel et al., 2004;

Pješivac-Grbović et al., 2007).

The idea of a master-slave configuration in a multiscale model-

ling has been utilized by (Cao et al., 2012), where the analysis of

a tunnel structure has been modelled using two different grids,

composed by master and slaves nodes at different resolutions,

where the force applied to the master node is the result of the

forces applied on the slaves nodes.

It is possible to think of the Timescales framework as a

master-slave configuration, where the events-driven algorithm

acts as the master process, coordinating and integrating the

result coming from the slaves, which are the simulators to

sync. A similar approach is adopted by the MUSIC (Ekeberg and

Djurfeldt, 2008) and in the interoperability between PyMOOSE

and neuron in (Ray and Bhalla, 2008).

The main difference with a classic master-slave configuration

is the type of computation performed by the simulators. In the

Timescales framework a precise hierarchy must be respected,

to decide which simulators’ variables should be first read and

transferred to the other simulator.

The processes happening in the simulator running the model

with the faster time scales, Sim1, needs always to have up-to-

date values at the beginning of each iteration loop, therefore the

simulator from which the variables should be first read is the

one dealing with the slower time scale reactions Sim0. This is for

two reasons: (i) the simulator with the fast timescales is the one

which receives external input, e.g. it is the one directly affected
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by the event; (ii) the simulator with the slow timescales will

not be affected as soon as the event arrives, however the effect

will be important after a relative long ∆t which will change

completely the behaviour of the fast simulator Sim1.

In figure 4a is represented schematically how the two sim-

ulators are synchronized at time point of event zero (e0). The

synchronization involves four different step, which involves

both the exchange of the variables between the simulators, and

the advance in time of them. To obtain a synchronization, at the

time of e0, the variables from Sim0 are read, transformed and

set in Sim1 (1). The second step is to advance Sim1 for a ∆tsync
(2). At that time, the variable from Sim1 are read, transformed

and set in Sim0 (3), which is then advanced to the same time of

Sim1 (4). In figure 4b is represented for a tbuffer and it happens

at each events, until both simulators are reaching the final time

of the simulation.

During the syncing loop the biochemical variables of interest

are retrieved, scaled, converted and inserted in the electrical

simulator. The electrical simulator is advanced for a ∆t and the

new computed electrical variables are retrieved, scaled, conver-

ted and inserted in the biochemical simulator which is then run

for the same ∆t. Every time there is an event the syncing loop is

entered. When all the events have been cleared both simulators

are advanced independently until tstop is reached.

The flow chart of the event-driven algorithm applied to the

Hybrid Model of the MSN, described from section 3.2, is shown

in figure 5.

The synchronization event for the Hybrid Model is Glu re-

lease, modelled as trains of inputs of varied frequencies to the α-

amino-3-hydroxyl-5-methyl-4-isoxazole-propionate (AMPA) and

N-methyl D-aspartate (NMDA) synapses, present in each spine’s

PSD section (refer to 3.2.2).
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e0 + Δtsync e0 + Δtsync 

e0 + Δtsync 

(a) Four phases of the synchronization cycle

start e0 e1 e2 end

Sim1

Time

Sim0

t_buffer

(b) Repetition of the synchronization through several events

Figure 4: Synchronization schema. The dashed arrows refer to the vari-

ables exchange from one simulator to the other. The solid

arrows represent the advancement in time of the Simulators.

The numbers 1,2,3,4 in panel (a) elucidate the succession

of the phases which are taking place every synchronization

cycle. In panel (b) is shown the how the algorithm proceed

when there are several events. The brown boxes represent

the syncs happening at one synchronization cycle. The dur-

ation of a sync is decided by the tbuffer parameter. Sim0
is the slow timescales simulator, Sim1 is the fast timescales

simulator.

The times t, at which each input will be delivered, are com-

puted before the simulation is started, and they are stored in

a list. Both simulators are advanced until the first tstim point.



40 integration of electrical modelling with biochemical signalling
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Figure 5: Event-driven algorithm applied to the Hybrid Model of the

MSN using e-cell as the biochemical simulator (Sim0) and

neuron as electrical simulator (Sim1).

The syncing loop is entered and the current weight for the

AMPA is calculated from the respective variable in the biochem-

ical simulator (see 3.2.5). The stimulus is then delivered with

the updated weight and neuron simulator is advanced for a

∆t = tstim − tcurrent. The same ∆t is used to advance e-cell.

The syncing loop is entered at tstim, and the simulators are

synced for ∆tsync = tstim+ tbuffer, where tstim is the time when

the stimulus is delivered and tbuffer is an arbitrary time, de-

pending on the two models synced, used to define how long the

syncing loop should last.

In this loop the two simulators are updated every millisecond,

and the variables are exchanged between the two simulators.
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A detailed description of the variable exchange is presented in

section 3.2.5.

After the synchronization loop has been completed, if there is

another stimulus to synchronize the loop is entered once again,

otherwise both simulators are advanced until reaching the tstop.
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3.1.2 Evaluating the system

If the two simulators are synced at fixed time step with a

while loop, the number of syncs is determined by the duration

of the stimulation, slowing down the computation. To decrease

the computational time, the event-driven algorithm reduces

the number of syncs only to the events time, switching to a

smaller ∆t where the synchronization happens, and advances

the simulators separately until the next sync, or the end of the

simulation if there are no more events present. To evaluate the

framework, the same set of simulations have been run using the

events-driven algorithm and a while cycle.

The rollback method proposed by Cvijovic et al. (2008) has

been taken into consideration, however cannot be used to test in

the Hybrid Model, because the simulators need to be advanced

in parallel, while in the Hybrid Model, the simulators should

be advanced in precise order, as explained in section 3.1.1.2.

In a while cycle, the two simulators are synced every ∆t

and run separately in the mean time. In figure 6 is shown

the comparison between the event-driven algorithm and the

simulations run using a while cycle, with different ∆t, while

in table 1 is shown how many events are missed by the while

cycle.

As shown in figure 6 the events-driven algorithm is faster

than the while cycle in the case the ∆t is very small, or is

slower, at the price of missing events as shown in table 1. An

important aspect should be stressed here. Intercepting the events

is important, but it is only one aspect of the synchronization. The

other important aspect is how fast are the changes happening

in the variables that need to be exchanged and which is the best

∆t used to synchronize the two.

This value is intrinsic to the multiscale model, for example

for the Hybrid Model a value of 1 ms has to be used to achieve
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Figure 6: Comparison of the event driven algorithm with a while cycle,

using different ∆t.

an acceptable approximation of the transferred variables, as

explained in section 3.2.5.

In the Hybrid Model, the sparseness of the model is defined

as the number of spines stimulated in the simulation. In figure 7

is reported how the event-driven algorithm compares with a

while cycle. The computational time of the while cycle increases

in a linear fashion from the sparse connectivity, with two spines

stimulated, to a dense connectivity, with thirty two spines; the

time needed to run the simulations with the events-driven al-

gorithm instead is similar in both cases, with mean of 294.92

min and a standard deviation of 24.81 min.
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∆tsync total events events missed percent

10 240 0 0%

10 480 0 0%

10 720 0 0%

10 960 0 0%

100 240 120 50%

100 480 240 50%

100 720 360 50%

100 960 480 50%

Table 1: Missed events using the while sync with ∆t equal to 10 and

100 ms.

3.1.3 Possible expansion of the synchronization

As stated in section 3.1.1.1, the framework has been used and

tested only with a fixed queue of events. This is a limitation of

the framework, which could reduce the usage in a multiscale-

model, where the events are generated as an emergent properties

of the model itself, as for example in a neuronal network model.

In the next paragraphs I propose a possible way to extend the

current framework, to accommodate a multiscale model where

the events are not known before.

In the case the events are not known beforehand, the al-

gorithm should be modified to be able to perform the synchron-

ization on demand.

The fastest simulator should be able to broadcast the time

the synchronization event is required. To take advantage of

the separation between the two system, the fastest timescales

simulator should be advanced until the first event. Then the

slow timescales simulator should be advanced to the same time

and at this point the synchronization should be performed. The
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Figure 7: Comparison of the event driven algorithm and a while cycle

when different spines are stimulated

algorithm that could be used to achieve this kind of advance-

ment is shown in listing 2, where neuron is used as the fast

timescales simulator and E-Cell is used as the slow timescales

simulator.

Listing 2: Events broadcasted

1 tstart = t

2 while (t < tstop):

3 event_time = advance_neuron(tstep)

4 if event_time:

5 delta_t = event_time - t

6 run_ecell(delta_t)

7 synchronize(event_time)

8 delta_t = tstop - tstart

9 run_ecell(delta_t) �
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The synchronization routine will be the same as explained in

section 3.2.5.

current limitations The framework has been tested

with a predefined number of events, known before the sim-

ulation starts. The proposed solution described above suggest

how it is possible to use a similar approach to the event-driven

algorithm, when the event are a result of the emergent proper-

ties of the system. However, the solution has not been tested,

therefore this should be considered a limitation of the current

framework . Due to the leverage on the knowledge of the events,

the framework should not be used when this information is not

available. In particular, if the multiscale model under investig-

ation requires a constant syncing between the two simulators,

the time between two syncs will be relatively small, therefore

the time the two simulators will be advanced separately will be

very short. This will impact the computational time saved using

the events-driven algorithm, and even reduce the advantage of

using it. In this case the event-driven algorithm will fall back

into a classic while loop.

The other important limitation of the current infrastructure is

to rely on events. If there is not a method to clearly mark an event

of the current multiscale model, the event-driven algorithm

cannot be used and the framework cannot be applied.

3.2 hybrid model of the msn

The Hybrid Model of the MSN consists of an electrical model

and a biochemical model connected together. Every spine has a

double model, electrical and biochemical, which are connected

and interact (fig 8).

In this section I will explain how I have developed the elec-

trical model, the biochemical model, their integration in the
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Electrical

Biochemical

Figure 8: Schematic representation of the Hybrid Model. In blue is

the electric model and in red is the biochemical model. Each

biochemical spine’s model is connected with the relevant

electrical counterpart, which are integrated with the main

electrical model of the neuron.

spine and how the spines are distributed among the dendritic

tree of the neuron.

3.2.1 Electrical model

The dendritic tree of electrical model of the MSN from Wolf

et al. (2005) is used as base for my model. The symmetric dend-

ritic tree, departing from the soma, is formed by 4 proximal

dendrites, each of which divides in 2 medial dendrites for a

total of 8. These also divide in two distal dendrites, for a total

of 16.

The fourteen electrical conductances distributed in the model

are also based on Wolf et al. (2005) and they are divided as
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two sodium currents, Fast Sodium (NaF) and Persistent Sodium

(NaP); six potassium channels, Potassium Inward Rectifier (KIR),

Potassium slow A-type (KAs), Potassium fast A-type (KAf), Potassium

4-AP resistant persistent (KRP), Potassium small conductance

calcium dependent (SKKCa) and Potassium large-conductance

calcium dependent (BKKCa) and six Calcium channels, N-type,

Q-type, R-type, T-type, L-type Cav1.2 high voltage activated and

L-type Cav1.3 low-voltage activated.KAs is also known as

Kv1.2, KAf as Kv4.2

and KIR as Kv2.1.
The channels are modelled using the HH formalism explained

in the appendix, (see A.1.1), following the general equation 3.1,

withm and h are defined as in equations 3.3 and 3.2 respectively.

Iz = gzm
x hy(Vm − Ez) (3.1)

m ′ =
m∞ −m

τm
with m∞(Vm) =

1

1+ exp(
Vm−V1/2

k )
(3.2)

h ′ =
h∞ − h

τh
with h∞(Vm) =

1

1+ exp(
Vm−V1/2

k )
(3.3)

m∞, h∞, τm and τh are the steady state activation curve and

time constant for m and h at voltage Vm. V1/2 and k are the

half-activation constant and the slope of the Boltzmann fit to

m∞ and h∞ and gz is the maximal conductance of the channel.

The channels are implemented in neuron as mod files.

Four channels, KAs, KRP, N-type and L-type Calcium 1.2, are

modelled using eq. 3.4, a modified version of the HH equation,

where a is a coefficient used to increase (a = 1) or decrease

(a = 0) the inactivation of the variable.

Iz = gzm
x (ah+ (1− a))(Vm − Ez) (3.4)

The parameters for the channels are taken from Wolf et al.

(2005), and they are reported in table 2 for the potassium and
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sodium channels, and in table 3 for the calcium channels. If the

time constants had a fixed value, they have been reported, in the

case they are calculated using the expression, I refer to the paper;

in the case they are tabulated, they are calculated by neuron

at runtime, and their value can be found in the companion cd

which comes with this thesis.
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g(S/cm2) HHform V1/2 k(mV) τ(ms)

NaF 1.5, soma m3 × h m −23.9 −11.8 Tabulated

0.0195, dendrites h −62.9 10.7 Tabulated

NaP 4e− 5, soma m× h m −52.6 −4.6 (Wolf et al., 2005)

1.38e− 7, dendrites h −48.8 10 Tabulated

KAf 0.225, soma and proximal m2 × h m −10.0 −17.7 Tabulated

0.021, middle and distal h −75.6 10 (Wolf et al., 2005)

KAs 0.0104, soma and proximal m2 × (a× h+ (1− a)) m −27.0 −16 (Wolf et al., 2005)

9.51e− 4, middle and distal a = 0.996 h −33.5 21.5 (Wolf et al., 2005)

KIR 1.6e− 4 m m −82 13 Tabulated

KRP 0.001 m× (a× h+ (1− a)) m −13.5 −11.8 Tabulated

a = 0.7 h −54.7 18.6 Tabulated

BKKCa 0.001

SKKCa 0.145

Table 2: Parameters for the sodium and potassium channels. The parameters are taken from Wolf et al. (2005). The conductance of KIR
was changed from 1.4e− 4 to 1.6e− 4 to match the membrane voltage when all the spines have been instantiated.
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P(cm/s) HHform V1/2 k(mV) τ(ms)

CaL1.2 6.7e− 6 m2 × (a× h+ (1− a)) m −8.9 −6.7 (Wolf et al., 2005)

a = 0.17 h −13.4 11.9 (Wolf et al., 2005)

CaL1.3 4.25e− 7 m2 × h m −33.0 −6.7 (Wolf et al., 2005)

h −13.4 11.9 (Wolf et al., 2005)

CaN 1.0e− 5 m2 × (a× h+ (1− a)) m −8.7 −7.4 (Wolf et al., 2005)

a = 0.21 h −74.8 6.5 (Wolf et al., 2005)

CaQ 6.0e− 6 m2 m −9.0 −6.6 0.377

CaR 2.6e− 5 m3 × h m −10.3 −6.6 1.7

h −33.3 17 Tabulated

CaT 4e− 7 m3 × h m −51.73 −6.53 Tabulated

h −80 6.7 Tabulated

Table 3: Parameters for the calcium channels used in the electrical model. The parameters are taken from Wolf et al. (2005).
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3.2.2 Building the electrical spine model

The model of the spine is an extension of the one presented

in Moyer et al. (2007). Every electric spine is modelled using

three electrical sections: PSD, head and neck which are connected

with an Axial Resistance as shown in figure 9. Each spine is

connected with the dendritic tree through the neck. The sections

are modelled as cylinders with the geometrical dimensions

shown in table 4.
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Figure 9: Spine dimension and equivalent circuit. The dimensions are

expressed in µm, the PSD is in green, the head is in red and

the neck is in blue.

section diameter (µm) length (µm) surface (µm2)

PSD 0.5 0.05 0.471

Head 1.175 1.0 5.86

Neck 0.1 1.5 0.487

Table 4: Spine’s dimensions and surface.
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The PSD is an internal section of the spine’s head and its

contribution to the surface has not been included to the total

spine’s surface, which measures 6.35µm2.

The channels inserted in the PSD are the L-type Cav1.2 high

voltage activated and L-type Cav1.3 low-voltage activated (Day

et al., 2006). The AMPA synapse and the NMDA synapse have been

modelled co-localized as they have been shown to be in the CA1

hippocampal neurons (Bloodgood et al., 2009) and are modelled

using a double exponential. The channels inserted in the spine

head the Q-type, R-type, N-type and SKKCa. I have inserted

the KIR in the head and in the neck according to Surmeier

et al. (2007), however other potassium channels could be present

instead of KIR, such as KAf (Day et al., 2008).

The spine has been developed as an ad hoc python class, which

initializes the three electrical sections and the biochemical simu-

lator (see 3.2.4), if an input is delivered.

3.2.3 Distribution of the spines in the system

In Wolf et al. (2005) the spines are not modelled explicitly,

and a correction to account the loss of the total surface is applied,

increasing the length and the diameter of the sections, using the

Segev and Burke (1998) method, according to the equation 3.5.

l ′ = l F2/3 d ′ = d F1/3 F =
Adend +Aspines

Adend
(3.5)

The total increased surface of the model is 14972.605 µm2,

while the surface calculated with the original dimension is

5277.88 µm2. The number of spines to add to the model is

1526, obtained by dividing the difference, 9694.73 µm2, by the

surface of the spine, 6.35µm2. To keep the symmetry of the

model I reduced the number of spines to 1524, 381 per branch.



54 integration of electrical modelling with biochemical signalling

The distribution of the spines is not uniform (Wilson, 1992).

They are virtually absent on the proximal dendrite, very concen-

trated at the last part of the medial dendrites and the initial part

of the distal dendrites (50 µm circa from the soma) and slowly

decrease towards zero approximately at the end of the distal

dendrites.

To calculate the distribution of the spines on the dendritic tree

I have digitalized the data from Wilson (1992) and fitted with a

polynomial function, as shown in fig. 10.

Figure 10: Spines’ distribution and polynomial fitting of digitized data

from Wilson (1992).

To get the total surface area of the spines for one branch,

formed by one proximal, two medial and four distal dendrites, I

have computed the total surface area by integrating the polyno-

mial and dividing it by four, according to the symmetry of the

model. The area has been then discretized using a spine equi-

valent area, to calculate how many spines should be inserted at

each position of the dendrites.
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Figure 11: Discretized spine distribution per branch. In blue the his-

togram of the spines’ distribution calculated with the equi-

valent spine area. In green (noise red), the histogram with

the final number of spines used (371 per branch, 1504 total),

after the noise of the spines positioned over the soma and

the proximal dendrites is removed.

The result is the blue histogram, fig. 11, which, due to the

noise from the digitized data, shows a total of 5 spines at the

soma and proximal dendrites’ location. These spines have been

excluded, giving a new spines distribution, shown with the

green histogram, with a total of 376 spines per branch. In fig 12

a Three-dimensions (3D) representation of the model is shown

using Neuronvisio (see chapter 5).
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60 μm

Figure 12: MSN model with 1504 spines. Rendering by Neuronvisio.

20 μm

Figure 13: MSN model, a zoomed view with one section selected.
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3.2.4 Modelling the biochemical signalling

The biochemical model, integrated with the electrical one,

is represented using the Systems Biology Graphical Notation

(SBGN) (Le Novère et al., 2009), in fig. 14. The model includes

the allosteric Calmodulin model from Stefan et al. (2008), the

reactions between the Calcineurin-Calmodulin complex with

DARPP-32, PKA and PP1 developed by Lu Li, a former member

of Nicolas Le Novère’s laboratory and my collaborator for this

part of the biochemical model. I have personally added to the

model the dephosphorylation of AMPAR by PP1 and the phos-

phorylation of AMPAR by the complex Calmodulin-CaMKII.

The source of biochemical calcium is the total flux of elec-

trical calcium coming from the VGCC, the AMPAR and the NMDAR,

injected in the biochemical model after been scaled and com-

puted as explained in section 3.2.5.

The amount of Calcium influences the behaviour of the Calm-

odulin, an allosteric protein which can bind both Calcineurin

and CaMKII (Stefan et al., 2008).

When the amount of Calcium is small, Calmodulin binds Cal-

cineurin, forming a complex which is able to dephosphorylate

the Threonin 34 of DARPP-32. In this state of phosphorylation,

DARPP-32 no longer inhibits PP1, which dephosphorylates AM-

PARs (orange lines in the fig. 14), which in turn decreases the

number of available AMPARs in the PSD.

In the other case, in the presence of an high concentration

of Calcium, Calmodulin binds CaMKII and this complex is able

to phosphorylate directly AMPARs on Serin 831, causing the

incorporation of the protein in the PSD (Hayer and Bhalla, 2005)

(yellow lines in fig. 14).
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Figure 14: Interactions between the ion channels and the biochemical signalling in the spine of the MSN of the Striatum. Constitutively,

DARPP-32 forms a complex with PP1 after having been phosphorylated by PKA (grey line). According to the concentration of

Calcium two possible pathways could be followed: at low concentration Calmodulin forms a complex with Calcineurin, de-

phosphorylating DARPP-32, releasing PP1 from the complex, with consequent dephosphorylation of AMPARs (orange line). When

Calcium concentration is high, the yellow pathway is selected with the complex CaMKII/Calmodulin, able to phosphorylate the

AMPARs. The Calcium flux incoming from the ionic channels: AMPARs, NMDARs and VGCCs is represented in light blue.
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In table 5 are reported the parameters used for the allosteric

model of the Calmodulin, taken from (Stefan et al., 2008). In

table 6 are reported the values and the references for the con-

stants used for the other reactions, in table 7 are reported the

concentrations and the constants used for the AMPARs receptors.

3.2.5 Variables exchange

The synaptic strength is under the control of a feedback loop:

the concentration of Calcium in the spine, after an excitatory

stimulus, is governed by the number and type of channels in

the membrane, especially the VGCCs, which start to open only

around -50 mV (Catterall, 2000). Calcium permeable NMDARs

and AMPARs also contribute to the dynamics of the Calcium

concentration in the spine (Carter and Sabatini, 2004).

One of the ways the weight of a synapse is increased or

decreased is by changing the number of AMPARs in the PSD (Citri

and Malenka, 2008; Kessels and Malinow, 2009; Malenka and

Bear, 2004). The trafficking of AMPARs is a complex process

which involves different pathways (Arendt et al., 2010; Hayer

and Bhalla, 2005; Kessels and Malinow, 2009; Malinow and

Malenka, 2002; Tolle and Le Novère, 2010).

AMPARs can be phosphorylated by CaMKII on Serine 831 and

dephosphorylated by PP1 (Hayer and Bhalla, 2005). The phos-

phorylation increases the number of AMPARs in the membrane

and therefore the flux of ions able to enter the neuron.

In the Hybrid Model this feedback loop, fig 15 is at the core

of the interconnection between biochemical and electrical. As

explained in section 3.1.1, the two models are updated during

the syncing cycle for a ∆tbuffer every ∆tsync.
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parameter value reference

kon 106M−1s−1 (Stefan et al., 2008)

kRoffA 8.32s−1 (Stefan et al., 2008)

kRoffB
1.66× 10−2 s−1 (Stefan et al., 2008)

kRoffC
17.4 s−1 (Stefan et al., 2008)

kRoffD
1.45× 10−2 s−1 (Stefan et al., 2008)

kToffA
2.10× 103 s−1 (Stefan et al., 2008)

kToffB
4.19 s−1 (Stefan et al., 2008)

kToffC
4.39× 103 s−1 (Stefan et al., 2008)

kToffD
3.66 s−1 (Stefan et al., 2008)

kCaMRT 106 s−1 (Stefan et al., 2008)

kCaMTR 48.386 s−1 (Stefan et al., 2008)

kCaMCaRT 6.2829× 104 s−1 (Stefan et al., 2008)

kCaMCaTR 768.81 s−1 (Stefan et al., 2008)

kCaM2CaRT 3.96× 10−3 s−1 (Stefan et al., 2008)

kCaM2CaTR 1.2217× 104 s−1 (Stefan et al., 2008)

kCaM3CaRT 249.2 s−1 (Stefan et al., 2008)

kCaM3CaTR 1.94144× 105 s−1 (Stefan et al., 2008)

kCaM4CaRT 15.6816 s−1 (Stefan et al., 2008)

kCaM4CaTR 3.085144× 106 s−1 (Stefan et al., 2008)

Table 5: Calmodulin parameters for binding Calcium.
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parameter value reference

Ca2+ pump:

vmax 4× 10−3Ms−1 (Markram et al., 1998)

Km 1× 10−6M (Markram et al., 1998)

Ca2+ leak:

k 4× 10−5Ms−1 (Markram et al., 1998)

CaMR binding substrates:

konCaMKII 3.2× 106M−1s−1 (Tzortzopoulos et al., 2004)

koff CaMKII
0.343 s−1 (Tzortzopoulos et al., 2004)

konCaMKIIp 3.2× 106M−1s−1 (Tzortzopoulos et al., 2004)

koff CaMKIIp
0.001 s−1 (Meyer et al., 1992)

konPP2B 4.6× 107M−1s−1 (Quintana et al., 2005)

koff PP2B
0.4 s−1 (Perrino et al., 2002)

CaMKII autophosphorylation on Thr286:

kThr286p 6.3 s−1 (Lucić et al., 2008)

PKA phosphorylates DARPP− 32 on Thr34:

konDPKA 5.6× 106M−1s−1 (Hemmings et al., 1984)

koff DPKA
10.8 s−1 (Hemmings et al., 1984)

kcatDPKA 2.7 s−1 (Hemmings et al., 1984)

Calcineurin (PP2B) dephosphorylates DARPP− 32 on Thr34:

konDpPP2B 4.1× 106M−1s−1 (King et al., 1984)

koff DpPP2B
6.4 s−1 (King et al., 1984)

kcatDpPP2B 0.2 s−1 (King et al., 1984)

DARPP− 32Thr34p binding PP1:

konDpPP1 4.0× 106M−1s−1 (Desdouits et al., 1995)

koff DpPP1
0.4 s−1 (Desdouits et al., 1995)

PP1 dephosphorylates CaMKII:

konCaMKIIpPP1 3.0× 106M−1s−1 (Lu Li, 2010)

koff CaMKIIpPP1
0.5 s−1 (Lu Li, 2010)

kcatCaMIIpPP1 2.0 s−1 (Zhabotinsky, 2000)

Table 6: Parametes for the biochemical model.
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parameter value reference

CaMKII phosphorylates AMPAR on Ser 831:

kcatCamKII 0.5 s−1 (Hayer and Bhalla, 2005)

kMCaMKII 90.001× 10−6M (Hayer and Bhalla, 2005)

PP1 dephosphorylates AMPAR on Ser 831:

kcatPP1 0.5 s−1 (Hayer and Bhalla, 2005)

kMPP1 2× 10−6M (Hayer and Bhalla, 2005)

Concentrations:

[AMPAR] 1.4945201× 10−6M (Lisman et al., 2007)

[Ca2+]basal 10−8M (Allbritton et al., 1992)

[CaMT ]0 3× 10−5M (Stefan et al., 2008)

[CaMKII] 7× 10−5M (Petersen et al., 2003)

[DARPP-32] 3× 10−6M (Lu Li, 2010)

[PKA] 1.2× 10−8M (Bacskai et al., 1993)

[PP1] 2× 10−6M (Ingebritsen et al., 1983)

[PP2B] 1.6× 10−6M (Goto et al., 1986)

Table 7: Concentration used in the biochemical model and constants

for the AMPARs phosphorylation and dephosphorylation.
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Figure 15: Feedback loop between the Calcium concentration and the

synaptic weight. In panel (a) is shown a time-series progres-

sion of the synchronization. The first step is to calculate

the synaptic weight of the electrical AMPARs using equa-

tion 3.8. In the second step the stimulus is delivered at e0
and then the Electrical simulator, neuron, is advanced by

∆tsync. In the third step the constant used to drive the

Calcium injection in the biochemical simulator is calculated

with equation 3.7. In the fourth step the biochemical simu-

lator is advanced by ∆tsync. This processes is repeated for

the ∆tbuffer duration. In panel (b) is shown the complete

feedback loop between the electrical and the biochemical

simulator.
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3.2.5.1 The path of the Calcium

The intracellular calcium concentration in each spine in the

electrical model is calculated as a thin shell around the mem-

brane as in (Wolf et al., 2005), according to the equation 3.6 (Des-

texhe et al., 1993),

[Ca]i = k
−ICa
2Fd

− p
Kt[Ca]i

[Ca]i +Kd
+

[Ca]i,inf − [Ca]i
τr

(3.6)

where [Ca]i is the internal concentration of Calcium, ICa is

incoming calcium current, F is the Faraday constant equal to

96.489 C/mol, and d = 0.1 µm is the shell depth. The pump

term is represented using Michaelis-Menten formulation with

Kt = 10−4 mM/ms and the dissociation constant Kd = 10−4

mM. The τR represent the diffusive term equal to 43 ms (Jackson

and Redman, 2003) and [Ca]i,inf = 10
−5 mM. The parameters k

and p were left to their original values, k = 10000 and p = 0.02,

as in Wolf et al. (2005).

The biochemical concentration of the Calcium is obtained

calculating the derivative of the concentration of the electric

Calcium during the ∆tsync, as shown in eq. 3.7.

kflux =
d[Ca]

dtsync
=

[Ca]t1 − [Ca]t0
t1 − t0

(3.7)

The kflux is used to run for the same ∆tsync a ConstantFluxProcess,

which is zeroth order reaction in e-cell and will introduce the

Calcium in the spine. During this time all the other reactions

will also take place, with a possible change of the concentration

of the phosphorylated AMPARs.

The current approach to synchronize the calcium from the

electrical to the biochemical model uses a fixed dtsync.This solu-

tion could be improved, using a variable solution which follows

the steepness of the curve. In figure 16 is shown how the bio-

chemical Calcium, composed of free and buffered Calcium,

approximates the shape of the electrical Calcium.
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The change of the weight of the AMPA synapses is usually

measured as the relative change between the equilibrium and

excited conditions (Carter and Sabatini, 2004). I used a similar

approach to calculate the electric weight using the equation

3.8, where (#AMPAR− P)teq is the number of AMPARs at equi-

librium time and (#AMPAR− P)t is the number of AMPARs at

current time t. The result is normalized and is used to change at

runtime the weight field of the NetCon object for the respective

synapse.

The synapse’s electric weight is a multiplicand of the total

conductance of the AMPAR channel and will change the ion flux

at the next stimulus in that particular spine.

weight =
(#AMPAR− P)t
(#AMPAR− P)teq

(3.8)
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Figure 16: Comparison between Electrical and biochemical Calcium.

The biochemical Calcium is calculated using the equation

3.7 and it approximates the electrical Calcium.



3.2 hybrid model of the msn 67

3.2.6 Events delivery and biochemical spines’ relationship

Each spine can be individually stimulated with different

spike trains. To deal with the complexity of the simulation,

a workflow which involves the integration between Sumatra,

Neuronvisio and TimeScales has been developed. While TimeS-

cales is used to run the simulation itself and responsible for the

creation of the events queue and the instantiation of the required

biochemical simulators, Sumatra is used to track which stimuli

and parameters are used in each simulation and Neuronvisio

manager module to store the computational results in a compact

way, which can be investigated at a later stage. Sumatra and

Neuronvisio will be presented in chapter 5, while the overall

workflow will be described in detail in section 5.4. Here I will

focus on the events’ queue creation and the instantiation of the

biochemical spine model on demand, controlled by TimeScales.

At setup time two actions have to be undertaken to assure

the events are delivered at the proper time for each stimulated

spine: (i) inputs should be instantiated in the electrical model at

the proper synapse, (ii) a biochemical model should be created

in the stimulated spines.

The type of stimulation, frequency and duration and the

spines stimulated are defined in the parameter file, which fol-

lows Sumatra’s conventions1. The inputs per synapse in the

electrical model are managed using a VecStim object, which

will trigger events according to the vector, created using the

stimulus module in the neuronmanager package, to the specific

synapses, i.e. NMDA or AMPA. The biochemical model is instead

managed by the ecellManager object, which instantiates and

brings to the appropriate equilibrium the biochemical model.

1 Sumatra uses the parameters module from NeuroTools package http://

neuralensemble.org/trac/NeuroTools.

http://neuralensemble.org/trac/NeuroTools
http://neuralensemble.org/trac/NeuroTools
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This approach allows one to transform any existing elec-

trical spine to one which has also a biochemical counterpart on

demand, making sure the events are delivered to the proper

synapses, and the spines will be synced before any inputs are

delivered.

To test the system, I have run a set of simulations with all

the spines instantiated in the electrical model, and only one

stimulated directly.

The spine was stimulated in two different conditions: (i) a

two pulses train with an interval of 100 ms and (ii) a train at 8

Hz for 2500 ms, i.e. 20 pulses with an interval of 125 ms.

In the first condition the first train was applied at 230 and

330 ms, while the second train was applied at 15100 and 15200

ms, fig. 17. The electrical calcium which entered the spine was

converted and injected in the biochemical model. This amount

was not enough to activate the binding of the Calmodulin with

the CaMKII, which is the only form able to phosphorylate the

AMPARs, fig. 18.

A completely different response has been found in the

second condition, with two interesting results emerging, fig.

19. The first stimulation train starts at 2230 ms, while the second

one starts at 15100 ms.

The first train is able to trigger a progressive higher depolar-

ization of the spine, due to the increased weight for the AMPARs,

fig. 19b.

This is more emphasized for the second input train, where

the weight is increased due to the effect of the previous stimulus,

even after 15000 ms, because the number of phosphorylated

AMPARs increased during the period when no stimulation was

applied due to the slower timescales of the biochemical reac-

tions.
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The increased weight is the result of the activated Calmodulin-

CaMKII complex which is able to phosphorylate the AMPARs,

increasing their number in the PSD, fig 20, and therefore the

weight of the synapse.

When the second train arrives, the weight of the synapse has

started to decrease due to the PP1 action, but it still higher than

during the first train, resulting in a stronger depolarization of

the spine, which also propagates to the soma level, fig. 19c.

The ability of the spine to respond in a different manner

to two stimuli is well known (Bloodgood and Sabatini, 2007).

What this model opens up are the possibilities to investigate

how the spines can interact with each other at different times,

when the stronger response is made available by the biochemical

memory, which would be completely lost if only an electrical

investigation was attempted.
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15000 15100 15200 15300 15400 15500
Time [ms]

90

85

80

75

70

65

60

V
o
lt

a
g
e
 [

m
V

]

spine532_head_v

soma_v

stimul

(c) Zoomed in, second input.

Figure 17: Two stimuli at different time, same spine. (a) Whole time-

courses with the two responses for the same stimuli. The

first two pulses applied at 100 ms and at 15100 ms, (b) and

(c) respectively.
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Figure 18: Relative weights of the AMPA synapse. In (a) the weight

applied to the synapse on the electrical model, in (b) the

AMPA timecourse which is used to calculate them. With a

small stimulus, the variation of the AMPA is minimal.
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(c) Second train.

Figure 19: Response to a 8 Hz train stimulation. The weight increases

during the stimulation. The second train response is bigger

in the spine due to the change of the weight of the syn-

apse connected with the biochemical model, which change

the number of AMPARs. The two trains’ responses, starting

at 2100 ms and at 10100 ms, are zoomed in (b) and (c)

respectively.
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(b) AMPAR phosphorylation timecourse.

Figure 20: Relative weights of the AMPA synapse. In (a) the weight

applied to the synapse on the electrical model, in (b) the

AMPA timecourse which is used to calculate them. The

increase of phosphorylated AMPAR is now evident and the

electric response changes as result.
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(a) Single stim.
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(b) 8 Hz.

Figure 21: Voltage and biochemical variation. In panel (a) the short

stimulus is not able to trigger a significant variation in the

biochemical model, therefore there is no change in the syn-

aptic weight. At the arrival of the second short stimuli at

15000 ms, the response is similar to the first stimulation. In

panel (b), a train at 8 Hz is able to inject enough Calcium in

the spine to have a significant response from the biochem-

ical model; when the second train arrives at 15000 ms, the

synaptic weight controlled by the biochemical model have

increased, causing a larger depolarization of the spine.



4
S P I N E S I N T E R P L AY

As introduced in chapter 2, the electrical input it is in-

fluenced by the biochemical cascade present in the spine. In

chapter 3 I have explained the integration operated in the Hy-

brid Model on the feedback loop between the electrical Calcium,

biochemical Calcium, the concentration of AMPARs, and the

AMPARs’ conductance in the electrical model.

With this type of model, it is possible to investigate how

a spine’s plasticity behaviour changes when stimulated with

different frequencies, and if stimulated spines can influence the

plasticity of neighbouring spines.

All the simulations have been performed on the European

Bioinformatics Institute (EBI) cluster, using Load Sharing Facility

(LSF) to distribute the work among the nodes, with neuron

version 7.2 and e-cell version 3.106.1. In a standard stimulation

all the spines are instantiated in the electrical model; in the

one spine set, only one spine is stimulated and there is only

one biochemical simulator running. In the second set, 18 spines

are stimulated, with the complementary 18 biochemical simu-

lators, which run as separate entities, one for each spine. The

simulation time is 20000 milliseconds, with a fixed dt of 0.025

milliseconds. Enabling the multi threads support in neuron

and implementing an efficient swap in place converting native

neuron HocVectors into numpy.arrays has reduced the compu-

tational time from 40 days to an average of 30 hours.

75
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frequencies inputs duration

4 Hz 20 5.0 s

8 Hz 20 2.5 s

50 Hz 20 0.4 s

Table 8: Duration, frequencies and number of stimuli of one train. The

two trains used are identical.

4.1 one spine stimulation

The plasticity of a single spine varies according to several

factors, among which are the time of the stimuli, the activation

of the biochemical cascade, and the current status of the synapse,

which could be depressed or potentiated. To understand the

contribution of the biochemical on a single spine, a series of

stimulations have been run at different frequencies. Two trains

of 20 inputs each with three different frequencies: 4, 8 and 50

Hz, were used to stimulate the spine as summarized in table 8.

The two trains were equal, the only difference was the weight

of the electrical AMPARs which was controlled by the biochem-

ical pathway as explained in section 3.2.5. In all conditions the

second train of stimuli resulted in a bigger depolarization of the

spine, due to the increased weight of the AMPARs.

In the 4 Hz stimulation, fig. 22, the increase of phosphorylated

AMPARs resulted in a higher depolarization, reaching -56 mV at

the end of the second train. The blue line represents the voltage

of the head of the spine in the electrical model, while the red

line is the number of phosphorylated AMPARs in the biochemical

model. It is possible to observe a slow increase of the depolar-

ization directly connected with the increase of the number of

phosphorylated AMPARs, already at the end of the first train.
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Figure 22: Stimulation of one spine with two trains at 4Hz.

In the 8 Hz simulation the number of phosphorylated AM-

PARs increases over time with a steeper slope than in the 4 Hz, as

shown in fig. 23. This result depends on the higher frequencies

of the input and therefore on the higher amount of Calcium

which enters in the biochemical model. However, at the start

of the second train, the number of phosphorylated AMPARs is

exactly the same as in the 4 Hz simulation, and the final value

of phosphorylated AMPARs is comparable with the one of the

slower stimulation, making it possible to reach the same depol-

arization of -56 mV. This is due to the activity of PP1, which is

able to decrease the number of AMPARs and therefore the electric

synaptic weight.

In the last simulation, fig. 24, the spine has been stimulated

with two trains at 50 Hz frequency for 0.4 s of duration each,

keeping constant the 20 inputs per train. In this case the number

of phosphorylated AMPARs first increases and then decreases,

due to the action of PP1 which dephosphorylate them. It has to

be noted that the number of AMPARs increases over time even
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Figure 23: Stimulation of one spine with two trains at 8Hz.

when the electrical input is over. This is due to the activity of the

CaMKII which is able to phosphorylate the AMPARs, introducing

a delay effect on the electrical input.

When the second train of inputs is delivered the number

of phosphorylated receptors is higher than in the previous two

simulations and the increase also follows a steeper slope. Given

these conditions the maximal depolarization reached is -53 mV.

In figure 25 I have reported how the different frequencies

influence the electrical response in the spine. The absolute dif-

ference is calculated taking the last spike of the first train and

the last spike of the second train. Higher frequencies are able to

trigger a bigger difference in response, at a later time, even if

the total time of stimulation is smaller.

These simulations highlight the fact that not only the type

of stimulations, as in frequency and duration, is important to

determine the behaviour of one spine, but also the timing of the
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Figure 24: Stimulation of one spine with two trains at 50Hz.

second train. In particular, even if the same train is delivered

to the spine, the results could be extremely different due to the

internal biochemical configuration of the spine. On the other

hand, different trains of stimulation could achieve the same

depolarization of the spine, always depending on the status and

activation of the biochemical pathway within.
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Figure 25: Difference of the voltage response due to the biochemical

response. This figure shows the difference of the response

of the stimulated spine at different frequencies. With the

increase of the frequencies the second train is able to stim-

ulated an increased response with respect to the first one

(blue line). This is due to the increase of the conductance

of the AMPARs which is derived from the biochemical

model. Not surprisingly, without the biochemical model,

the difference between the two trains is zero (green line).
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frequencies inputs duration

8 Hz 50 6.25 s

20 Hz 50 2.50 s

40 Hz 50 1.25 s

40 Hz 100 2.50 s

Table 9: Durations, frequencies and number of stimuli for each simu-

lation’s run for one single train. The second train is exactly

the same as the first one.

4.2 multiple spine stimulation

In section 2.2.2 has been presented how different spines can

influence neighbouring spines. In particular, Govindarajan et al.

(2006) have suggested that spines are working in engrams, and

when one spine gets stimulated the plasticity of the neighbour-

ing ones is influenced, although indirectly. Engram A

persistent change in

the brain that is

formed in response

to a stimulus, and is

the neuronal

substrate for a

memory (also

known as a memory

trace).

To understand how neighbouring spines could influence

each other, I have stimulated 18 spines with two trains: nine

spines (554, 555, 556, 558, 559, 560, 562, 563, 564) located on the

distal dendrite dend1_1_2 and another nine spines (1468, 1469,

1470, 1472, 1473, 1474, 1476, 1477, 1478) on the symmetric distal

dendrite dend4_1_2.

The stimulation consists of two trains delivered at different

frequencies: 8, 20, 40 Hz, each one of 50 inputs. A fourth stim-

ulation of double duration at 40 Hz was also performed. The

first train is delivered to all the spines while a second train is

applied only to the spines 555, 559, 563, 1469, 1476, 1473, as

shown in figure 26. The number of stimuli, the frequency and

the duration of each train are summarized in table 9. The first

train always starts at 2000 ms and the second train at 15000 ms.
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In all the simulations run, no Action Potential has been

triggered at the soma level. At the spine level instead, a consist-

ent depolarization has been achieved, both on the spine directly

stimulated and also on the neighbouring spines, which are not

directly stimulated during the second train of inputs.

This result is possible because, while the first train is delivered

to 18 spines, the second train stimulates only 6 of them, but their

response is increased by the plasticity mechanism operating at

the biochemical level, increasing the number of phosphorylated

AMPARs and therefore the synaptic weight in the electrical syn-

apse.
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Figure 26: Spines stimulated in the first and second trains. Upper left, the 500 series; bottom right the 1400 series. The red spines are the

ones receiving the double trains, the green ones are the ones receiving only one train. The axes are in µm.
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4.2.1 Effect of frequencies

In figure 27 is plotted how the spines react to the 8 Hz stimu-

lation; in panel (a) is shown how the depolarization is high in

the spines, but influences only marginally the soma, while in

panel (b) is shown the second train, zoomed, where spine 560

gets depolarized with the current coming from spine 559 and

the contribution from the other 2 spines in the same dendrite,

555 and 563.

Spine 559 is used as the example of the double stimulated

spine, while the 560 is plotted as the sample of the single stimu-

lated one.

The distance of the spines from the soma is an important

aspect for the voltage propagation and there is a difference in

the depolarization of the two sets of spines, due to the different

localizations.

The spines stimulated on dendrite dend1_1_2, 500 series, were

in the range 259.14, 232.0 µm from the soma, while spines on

the dend4_1_2, 1400 series, were in the range 286.28, 259.14 µm.

The spines with a higher depolarization are the ones situated

closer to the soma, (figure 28), which influence the biochemical

system, and therefore the synaptic weight.

To analyse in detail the effect on the biochemical pathway,

I will focalize on spine 559 and spine 560. The former receives

a double stimulation and the latter only one single stimulation

train. The biochemical timecourse of the biochemical AMPARs is

plotted in fig. 29 together with the electrical timecourse and the

inputs’ time of the stimulation (black dots).

During the first stimulation, the weight of the synapses of

both spines increases after the first train, peaking around 10000

ms. The behaviour is completely different when the second train
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(a) 8 Hz stimulation, spine 559, 560 and soma.
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(b) Second train, zoomed.

Figure 27: Response of the spine to the first and second train. Spine

559 is stimulated with both trains, spine 560 only with the

first one. In panel (b) is shown a zoomed version of the

second train.
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(a) Average response per dendrite of the spines receiving a single train.
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(b) Average response per dendrite of the spines receiving two trains.

Figure 28: Difference response of the spines in the two dendrites. In

the legend d1 is the average for the spines 500 series, closer

to the soma, in dendrite dend1_1_2, while d4 is the average

for the spines 1400, farther from the soma, in dendrite

dend4_1_2.
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(a) Voltage and number of phosphorylated AMPARs in spine 559.
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(b) Voltage and number of phosphorylated AMPARs in spine 560.

Figure 29: Difference of the AMPARs phosphorylation on two spines

at 8 Hz. Spine 559 receives the first and the second trains

of stimulation, while 560 only the first.
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(a) Calcium in the spine 559, receiving two trains of stimuli.
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(b) Calcium in the spine 560, receiving only one train of stimuli.

Figure 30: Calcium response in the spine. Spine 559 receives two trains

of stimuli, while spine 560 only one. A small amount of

Calcium enters the 560 spine due to the VGCC action.
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is delivered, with an increase in the direct stimulated spine 559

and a decrease in spine 560.

The Calcium entering the spine follows the same kind of

timecourse, increasing in the double stimulated spine 559, fig. 30,

panel (a).

The difference is due to the contribution of the increased

number of AMPARs, which are permeable to the Calcium. This

has also a positive feedback with the increase of active CaMKII,

and the phosphorylated AMPARs recruited in the PSD.

Different is the situation for spine 560 where the number

of AMPARs continues to increase after the first train, peaking

around 10000 ms. In this model the Calcium diffusion from one

spine to another is not explicitly modelled, therefore the small

amount of calcium entering the spine 560, fig. 30b, is the result

of the depolarization induced by the neighbouring stimulated

spines, especially with the VGCC contribution.

In the 20 Hz simulation, which still has only 50 inputs but

runs for 2.50 seconds instead of 6.25 seconds as in the 8 Hz, the

synaptic weight increases very quickly in the first train, reaching

the peak around 8000 ms. The second train hits the spines at

15000 ms, causing a depolarization in both spines, fig. 31. In

this case the number of AMPARs which are phosphorylated by

CaMKII is higher than in the 8 Hz stimulation. Moreover, when

the second train is delivered to the spines, the number is already

decreasing, with the consequent decrease of the synaptic weight.

This means that fewer channels are present in the PSD and a

weaker depolarization would have happened if the stimuli was

delivered at 8000 ms.

The model was stimulated at 40 Hz with two different

lengths of trains: (i) the first of 50 inputs for 1.25 seconds, fig. 32,

(ii) the second one with 100 inputs for the total length of 2.50

seconds, fig. 33.
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In both cases, the number of AMPARs during the first train

does not increase as fast as in the 20 Hz stimulation, but it

massively increases at the delivery of the second train.

In figure 34 is summarized the biochemical response triggered

by the different frequencies. All the stimuli have the same

amount of inputs, except 40 Hz long, which has the double

amount, as described in table 9. The ability of the slow fre-

quencies to trigger a bigger response on the first train is due

to the distribution of the inputs among a longer time, which

gives the biochemical system time to react according to its own

timescale. Therefore, when interacting with the biochemical,

the distribution of the inputs has a major impact already for

the first response. In the second train, the activate state of the

biochemical memory is the key for the faster phosphorylation of

the AMPARs in the 40 Hz stimulation, which permits to achieve

a response of the same magnitude as of the 8 Hz and 20 Hz

stimulations.

The different behaviours of the four stimulations taken in

consideration are directly connected with the evolution of bio-

chemical system and the consequent synaptic weight determ-

ined by the phosphorylation and dephosphorylation of the AM-

PARs from CaMKII and PP1 respectively. At normal level, the

number of phosphorylated AMPARs is kept in equilibrium by

the CaMKII and PP1. The action of PP1 is inhibited by the phos-

phorylated form of DARPP-32, which is under the control of PP2B,

as explained in section 3.2.4, and in the figure 14.

An overview of the time courses of the biochemical system

for all the four stimulations is plotted in fig. 35. In the 8 Hz stim-

ulation the flux of calcium is distributed along a long interval,

which permits both PP1 and CaMKII to be slowly activated (fig.

35a); CaMKII is present at the spine in a higher concentration

than PP1, therefore is able to phosphorylate more AMPARs.

At 20 Hz, Calcineurin, plotted in blue (PP2Bbar) in fig. 35b,

dephosphorylates DARPP-32. In this condition DARPP-32 is not
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able to inhibit PP1 any longer and at the same time the con-

centration of active CaMKII is decreasing. This delay introduced

by Calcineurin and DARPP-32 explains the peak of the AMPARs

visible in fig 31 around 8000 ms.

Different is the situation for the stimulation at 40 Hz. In

both of the stimulations, the first train is not able to cause a

consistent increase of CaMKII, because it is too brief, figs. 35c

and 35d. However, when the second train arrives at 10000 ms,

CaMKII is activated very quickly, with respect to PP1 which gets

activated by Calcineurin-DARPP-32 pathway and will have an

effect at a later stage.
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(a) Voltage and number of phosphorylated AMPARs in spine 559.
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(b) Voltage and number of phosphorylated AMPARs in spine 560.

Figure 31: Difference of the AMPARs phosphorylation on two spines

at 20 Hz. Spine 559 receives the first and the second trains

of stimulation, while 560 only the first.
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(a) Voltage and number of phosphorylated AMPARs in spine 559.
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(b) Voltage and number of phosphorylated AMPARs in spine 560.

Figure 32: Difference of the AMPARs phosphorylation on two spines

at 40 Hz. Spine 559 receives the first and the second train

of stimulation, while 560 only the first.
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(a) Voltage and number of phosphorylated AMPARs in spine 559.
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(b) Voltage and number of phosphorylated AMPARs in spine 560.

Figure 33: Difference of the AMPARs phosphorylation on two spines

at 40 Hz with a longer stimuli. Spine 559 receive the first

and the second train of stimulation, while 560 only the first.



4.2 multiple spine stimulation 95

0 5000 10000 15000 20000
Time [ms]

0

20

40

60

80

100

120

140

160

#
 A

M
P
A

R
s

8Hz
20Hz
40Hz
40Hz, long

Figure 34: Difference of the AMPARs phosphorylation on spine 559,

divided per frequencies. The same amount of inputs are

delivered for all the frequencies. The slower frequencies are

able to trigger a higher phosphorylation, and therefore a

higher conductance of the AMPARs in the first train with

respect to the higher frequencies. However, in the second

train, the high frequencies can still trigger a comparable

phosphorylation of the AMPARs, even if the inputs are de-

livered at very distant time in the classic electrical timescale

due to the memory effect provided by the biochemical.
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(a) Spine 559, 8 Hz.
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(b) Spine 559, 20 Hz.
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(c) Spine 559, 40 Hz.
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(d) Spine 559, 40 Hz long train.

Figure 35: Fractional activation of enzymes versus time in spine 559

for different stimulations. Calcineurin (PP2Bbar) in blue,

CaMKII in green (CaMKIIbar), PP1 in red (PP1bar) and

DARPP-32 phosphorylated (Dpbar) in cyan. The long in-

terval span of Calcium entering the spine in the 8 Hz and

20 Hz stimulation permits both CaMKII and PP1 to get activ-

ated. The number of phosphorylated AMPARs still increases,

because CaMKII is higher in concentration in respect of PP1.

The situation is different in the 40 Hz stimulation, where the

first train is too short to activate CaMKII, causing just a small

increase. However, when the second train arrives, CaMKII

is activated quicker then PP1, with consequent increase of

phosphorylated AMPARs.
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4.2.2 Plasticity contribution on neighbouring spines

In a subsequent work, Govindarajan et al. (2011) have stimu-

lated spines on an hippocampus dendrite and have monitored

the rising of the increase of spines’ head volume to decide if

there was a plasticity increase in the neighbouring spines not

directly stimulated. I have performed a similar simulation where

only one spine, number 97, has been stimulated with a double

train at 8Hz, and the response of the closest spines number 96

and 98, and spine 75, distant circa 40µm has been tracked, see

fig. 37. Only the spines on the same stimulated dendrites have

been instantiated, to decrease the computational time. Due to

the fact the response of 96 and 98 was similar, in figure 36 I have

plotted the comparison only between spine 96 and spine 75 for

the sake of clarity.

As expected, the depolarization affecting spine number 75,

fig. (36a), is a less pronounced than the one investing spine

number 96, fig. (36b). In particular, on the arrival of the second

input, the depolarization is augmented due to the presence of

more AMPARs in the stimulated spine, which in turn triggers

a higher depolarization in both number 75 and 96 in respect

of the first train. The higher depolarization is able to open the

VGCC channels, with a consequent increased amount of Calcium

entering the biochemical model, fig. (36c). This result is consist-

ent with the result found by Govindarajan et al. (2011), where

the stimulated spine influences the plasticity of neighbouring

spines.
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(b) Electrical and biochemical, spine 96.
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Figure 36: Response of non stimulated spines. In panel (a) and panel

(b) are shown how spines 75 and 96 are influenced by the

neighbouring spine number 97, both on the depolarization

and the number of AMPARs. In panel (c) is plotted the

amount of biochemical Calcium in the two spines.
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Figure 37: Spines stimulated in one branch. Spine number 97, in red, is directly stimulated with two trains, while spines 75, 96 and 98, in

green, are monitored to assess the influence of the electrical depolarization on the biochemical calcium. The axes are in µm.
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4.3 conclusions

The plasticity effect in a spine is the result of complex in-

teraction between biochemical networks and electrical chan-

nels (Malenka and Bear, 2004). This interaction is usually not

modelled, with the modelling effort focusing only on the bio-

chemical aspect, or only in the electrical one, cf. sec. 1.3.

In the simulation presented, two main questions have been

addressed: (i) how different frequencies affect the response of

a spine when also the biochemical contribution is taken in con-

sideration, (ii) how a stimulated spine influence neighbouring

spines.

While it is known that the frequency and the duration of

the inputs have a clear effect on the depolarization of the

spine (Gruber and O’Donnell, 2009), usually the role of the

biochemical is not investigated due to the longer timescales.

In the simulation presented above, it has been investigated

how the response of one spine stimulated with different trains of

inputs changes, highlighting the role of the biochemical contri-

bution on the increase of the synaptic response and consequent

depolarization of the spine for the different stimulations. The

overall effect contributes to substantial change in the response of

the voltage, which are not visible if the biochemical contribution

is not taking in account, fig 25.

The ability of spines to influence one another is a hot topic,

starting with the debated role of the neck (Araya et al., 2006a,b,

2007; Arellano et al., 2007; Grunditz et al., 2008; Holbro et al.,

2010; Palmer and Stuart, 2009) to the mechanism of synaptic

plasticity between spines; e.g the dispersed plasticity model

using a synaptic tag approach, as suggested by Frey and Mor-

ris (1997), or the clustered plasticity hypothesis, as advanced

by Govindarajan et al. (2006). In 2011, the influence of a stimu-
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lated spine on the plasticity of the surrounding ones was shown

by Govindarajan et al. (2011).

In the simulations presented above two main aspects could

be highlighted: (i) the biochemical contribution on the stimu-

lated spine increases the response to the second input train,

which in turn contributes to a larger depolarization of the sur-

rounding spines; this contributes to the opening of the VGCC

with an increase flux of Calcium in the biochemical model, dir-

ectly derived from the electrical one as explained in section 3.2.5,

(ii) the smaller response of the further spine which is not able

to create enough Calcium flux and with no visible effect on the

synaptic plasticity, in comparison with the closest spines, fig. 36.

It is possible to conclude that the amount of Calcium, the

position of the spine, the relative location within the other stim-

ulated spines, the timing of the stimulus and the status of the

biochemical enzymes are all connected variables which influence

each other in a complex manner, as shown by the simulations in

this chapter.
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H A N D L I N G C O M P L E X S I M U L AT I O N S

5.1 shared problems on complex simulations

The increase of computational power has given the possibil-

ity to simulate always more complex and complete models. If on

one side this permits a better and more stringent simulation of

the reality, on the other, this poses several problems; two of the

most common are models’ optimization (Van Geit et al., 2008)

and computational cost to run the simulation.

Computational cost can be divided in time, memory and

storage requirements and different strategies are available to

reduce them. Parallelization methods, i.e. MPI (Gabriel et al.,

2004; Gropp, 2002), can reduce the time needed to run a simula-

tion, distributing the work-load on different Central Processing

Unit (CPU)s. The memory footprint can be reduced writing

super-optimized code1 or using ad hoc solutions like in the Blue

Brain Project (Markram, 2006).

For long running simulations a storing strategy for the results

has to be developed. In section 5.2.5 I present how Neuronvisio

addresses this issue, offering a well designed API to save and

reload simulation’s results in a compact and structured format.

In section 5.3 I present how Neuronvisio has been integrated

with Sumatra, an electronic lab book and Git, a Distributed Ver-

sion Control System (DVCS) in a workflow to keep the proven-

ance of the Hybrid Model simulations.

1 There is a debate going on if super-optimized code is a good practise or not.

A trade off exists between the performance of the software and the clarity of

the code.

105
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5.2 run and store simulations with neuronvisio

neuron (Carnevale and Hines, 2006) simulator environment

is one of the most widely used software in computational neur-

oscience to build and simulate electrical models of neuron and

neuron networks. neuron’s Graphical User Interface (GUI) is

based on interview and does not have any 3D abilities. The visu-

alization of complex and accurate neurons can be achieved only

in Two-dimensions (2D) plots and some information about the

geometry of the model is not easily available to the researcher.

While this is not a problem if the model consists of point-

form-like neuron model like Integrate and Fire (Brunel and

van Rossum, 2007) or spiking neurons (Izhikevich, 2003), a

3 dimensional representation is of scientific interest and can

help to better understand the model, especially if based on

reconstructed neurons.

I have developed Neuronvisio because I had the need to

have a software able to load a Neuron model, able to display

in detailed 3D the geometry of the model and able to plot the

results, even if they were reloaded from the disk and not from

a just ran simulation. NeuronConstruct2 (Gleeson et al., 2007)

was very close to the requirements, however it was not able to

reload the model in memory very easily because written in the

Java language, instead of Python, which is one of the native

neuron interpreter. In particular, the ability to interact with the

model during the development, run the simulation, visualize

the variables and save the result without restarting the process,

was the most important abilities which Neuronvisio offers.

The interactive 3D representation available in Neuronvisio

permits to rotate, zoom and explore any neuron model. A

point-and-click selection system offers the possibilities to inspect

2 http://www.neuroconstruct.org/
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section properties, e.g. retrieving section name, geometrical

dimensions and biophysical properties.

Before running any simulation in neuron, it is necessary

to create vectors to record timecourses of variables in specific

sections. This is a classic workflow which all the simulations

require. This process has been automated in Neuronvisio, allow-

ing the user to create the vectors in all the sections using the

GUI, or allowing the creation programmatically using the API

provided. time stop final time

until when the

simulation is ran.
The simulation can be launched using the controls on the

main Neuronvisio window (Fig. 38), where it is possible to

set the time stop, change the dt, and deciding which resting

membrane voltage should be used for the simulation. dt The ∆t used in

the numerical

integration.Neuronvisio integrates plotting abilities, accessible from the

plot tab. The user can decide to plot any variable of any section

in which it has been recorded, adding new lines or points to

an existing figure, or plotting it in a new blank one, selecting a

not yet used figure number. All figures are standard matplotlib

figures, which can be customized with the standard matplotlib

commands.

Due to the increase of the complexity of simulations it has be-

came common practise to run simulations on clusters and to run

subsequent analysis. The manager module from neuronvisio

package offers API to save simulation’s results in a standard and

well structured way. The results are saved using pytables (Al-

ted et al., 2002–) in Hierarchical Data Format (HDF) (The HDF

Group, 2010), where both the computational results and the geo-

metry of the model are stored. The morphology of the model is

exported in NeuroML3 (Gleeson et al., 2010) format and it is also

stored inside the HDF file.

3 The model is exported only in Level 1, i.e. morphology level, because is not

yet available an automatic translation of custom channels expressed in mod

files to NeuroML. a tentative to do so just crash the neuron exporter.
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5.2.1 Materials and methods

The software is written in python (Dubois, 2007) and takes

advantage of the new python interface of neuron (Hines et al.,

2009). The code is licensed under GNU Public License Version 3

(GPL3) and is hosted at http://mattions.neuronvisio.github.

com. Neuronvisio uses the Mayavi technology (Varoquaux et al.,

2008) to offer interactive high quality visualization in three

dimensions space of the model.

The Graphical User Interface is written using the PyQt4 frame-

work, while the plotting routines are provided by the matplotlib

library (http://matplotlib.sourceforge.net) (Hunter, 2007).

5.2.1.1 Installation

The latest release of Neuronvisio is available from PiPy

Neuronvisio page http://pypi.python.org/pypi/neuronvisio.

Refer to the Appendix (A.4) for detailed information about de-

pendences, installing the package or how to obtain the develop-

ment code.

5.2.2 Basic Usage

Start an ipython (Perez and Granger, 2007) console with the

qt4thread switch:

1 ipython -q4thread �
To start the GUI import the module and create a Controls

object:

1 from neuronvisio.controls import Controls

2 controls = Controls() �
The main window of Neuronvisio will be ready to accept

inputs as shown in Fig. 38.

http://mattions.neuronvisio.github.com
http://mattions.neuronvisio.github.com
http://matplotlib.sourceforge.net
http://pypi.python.org/pypi/neuronvisio
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Figure 38: Neuronvisio Controls main window.

It is now possible to create a new model, either in interactive

manner using the console, or loading an already written one.

To load a model written in python, the suggested way is to

integrate neuronvisio in the main script of the model, inserting

the two lines (number 15 and 16) as shown in the listing 3.

Listing 3: Medium Model example with Neuronvisio integration

1 """

2 Cell model taken from the paper:

3

4 NEURON and Python

5 Hines et al.

6 Frontiers in Neuroinformatics

7 (2009)

8 DOI 10.3389/neuro.11/001.2009

9

10 """

11

12 from itertools import chain

13
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14 # Importing Neuronvisio

15 from neuronvisio.controls import Controls

16 controls = Controls()

17

18 # Importing the hoc interpreter

19 from neuron import h

20

21 # topology

22 soma = h.Section(name= ’soma’)

23 apical = h.Section(name= ’ apical ’)

24 basilar = h.Section(name= ’ basilar ’)

25 axon = h.Section(name= ’axon ’)

26

27 apical.connect(soma, 1, 0)

28 basilar.connect(soma , 0, 0)

29 axon.connect(soma, 0, 0)

30

31 # geometry

32

33 soma.L = 30

34 soma.nseg = 1

35 soma.diam = 30

36

37 apical.L = 600

38 apical.nseg = 23

39 apical.diam = 1

40

41 basilar.L = 200

42 basilar.nseg = 5

43 basilar.diam = 2

44

45

46 axon.L = 1000

47 axon.nseg = 37

48 axon.diam = 1

49

50 # biophysics
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51

52 for sec in h.allsec():

53 sec.Ra = 100

54 sec.cm = 1

55

56 soma.insert( ’hh’)

57

58

59 apical.insert( ’pas ’)

60

61 basilar.insert( ’pas ’)

62

63 for seg in chain (apical, basilar ):

64 seg.pas.g = 0.0002

65 seg.pas.e = -65

66

67 axon.insert( ’hh’)

68

69 # --------------------- Instrumentation

---------------------

70 # synaptic input

71 syn = h.AlphaSynapse(0.5, sec=soma)

72 syn.onset = 0.5

73 syn.gmax = 0.05

74 syn.e = 0 �
5.2.3 Plotting and saving a simple model

In order to plot the simulation results, it is necessary to create

at least one vector. By default the variable will be recorded in all

sections, but it is possible to record only one section, selecting it

from the 3D interface and choosing Selected section.

The user can select which of the recorded vectors, should be

plotted on the second tab of the software. The integration with

the qt main thread makes it possible to use Neuronvisio and

the qt matplotlib back-end in an interactive way. Therefore the
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user can customize the figures directly from the interactive shell,

using the standard matplotlib commands.

5.2.4 3D representation and animation widow

The pyramidal neuron developed by Mainen et al. (1995)

available from ModelDb (Hines et al., 2004), is a model written

in hoc, the first interpreter used by neuron and it is distributed

as an example with Neuronvisio. To integrate Neuronvisio with

this model, or on any other hoc based model, it is sufficient to

import the module and then load the hoc model using neuron.

1 from neuronvisio.controls import Controls

2 from neuron import h

3 controls = Controls()

4 h.load_file( ’path/to/my_model.hoc ’) �
To explore the 3D capabilities we will stimulate the model

injecting a current using an IClamp mechanism at time 3 ms

with a duration of 40 ms and an amplitude of 0.25 nA.

Listing 4: Main file to load the pyramidal neurons

1 # Importing the NeuronVisio

2 from neuronvisio.controls import Controls

3 controls = Controls()

4 from neuron import h

5 # Load the script

6 h.load_file("demo.hoc")

7 ## Insert an IClamp

8 st = h.IClamp(0.5, sec=h.soma)

9 st.amp = 0.25

10 st.delay = 3

11 st.dur = 40 �



5.2 run and store simulations with neuronvisio 113

The vectors can be created entering v in the Variable to Re-

cord and click on Create Vector. Launch the simulation, clicking

on Init+Run. To plot the simulation’s results, choose the vectors

of interest on the Plot tab and click Plot as shown in Fig. 39.

Figure 39: Timecourses of the depolarization of the soma and two

dendrites. The voltage (y-axis) is in mV and the time (x-

axis) is in ms.

The 3D representation can be used to investigate the vari-

ation of any variable among all the model. For example in Fig

40 is possible to observe the depolarization of the pyramidal

neuron, starting from the soma and being transmitted towards

the dendrites with a colour coded scale. Using the time-slider

is possible to follow the time course through the time in all the

sections where it has been recorded.
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Figure 40: Depolarization of the pyramidal neuron at time 16.975 ms represented with a blue-red colour-coded scale. Blue is -70 mV and

red is +40 mV.
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5.2.5 Saving self managed vectors

The computational results of complex simulations are very

valuable because: (i) their computational cost is expensive, re-

quiring a lot of CPU/time and Random Access Memory (RAM),

(ii) they deliver rich dataset, which can be analyzed in more

than one way, and most of the analysis are result-driven. For

these reasons Neuronvisio adopts the HDF format to save the

computational results.

The HDF is a file format developed by an international con-

sortium (The HDF Group, 2010) to offer the ability to store

efficiently large amount of data in array form, which features a

schema-free type to allocate the data, with the only requirement

to organize them in a tree structure, with nodes and leaves.

Among others, the main advantage of HDF is the indexed access

on the disk of the stored data, which permits to load large file di-

mensions (from Gigabyte to Terabyte), which are retrieved only

when a specific requested for a certain nodes of the tree is instan-

tiated by the Operating System. Therefore all the data can be

reloaded in a normal personal computer with a standard sized

RAM, without requiring the use of clusters or supercomputers.

The modular structure of the HDF5 storage file used by

Neuronvisio, shown in figure 41 can be extended by the user

to allocate custom variables. This is the case faced with the

TimeScales framework (sec. 3.1), where the results from the two

different simulators are stored under different groups. This is

necessary because the lengths of the result-arrays are different,

depending on the method used by the simulator to integrate the

equations. This solution permits to keep the possibility to plot

the independent variable versus the appropriate result vector

directly from the GUI and allow to extend the HDF schema in a

robust way.
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/

/results/geometry

/geom

/VecRef

/x

/sec1

/v /cai ... /foo

/sec2

/v /cai /foo

/secN

/v /cai /foo

...

...

/v ... ...

/GenericRef

/x

/sec1

/v /cai ... /foo

/sec2

/v /cai /foo

/secN

/v /cai /foo

...

/v ... ...

Figure 41: Structure of the HDF5 file used to store the computational

results.

There are two main branches of the tree, the geometry (/geo-

metry) which stores the NeuroML representation of the morpho-

logy4 of the model and the second branch (/results), where the

computed arrays are saved. The GenericRef subset indicates

the extensibility of the design, which can incorporate any array

which cannot be expressed with the VecRef.

To store results which are not in neuron vectors format, the

BaseRef class can be used. Every BaseRef object is contained

in a group, which is specified by the group_id attribute. The

group_id is used by Neuronvisio to choose which independent

variable should be used when the vector is plotted using the

GUI.

To subclass the BaseRef create a class like in listing 5 :

Listing 5: Subclassing BaseRef into a cutom myRef class

1 from neuronvisio.manager import BaseRef

2

3 class MyRef(BaseRef):

4

5 def __init__(self, sec_name=None, vecs=None, detail=None

):

4 At the time of this writing only the morphology is saved. As soon the NeuroML

export function in neuron will support also the biophysical properties for

any model instantiated, it will be possible to save the entire model with the

computed results.
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6

7 BaseRef.__init__(self)

8 self.sec_name = sec_name

9 self.vecs = vecs

10 self.detail = detail �
The class can then be used to create several myRef objects

which will contain the section name, a dictionary with variables

names as key and the python list5 with the computed values as

value.

Listing 6: Creating a myRef object to be save custom vectors

1 myRef = MyRef(sec_name=sec_name,

2 vecs=vecs,

3 detail=detail) �
Every new myRef has to be added to the manager object, using

the manager.add_ref method which takes two arguments:

• myRef object

• x variable.

The x variable is the independent one, usually the time. If

there is no need to supply a custom own time vector, and the

result-array has the length of the neuron time, this can be

retrieved using manager.groups[’t’].

Listing 7 shows how to import the Manager class, add the new

sub-classed Ref and save it.

Listing 7: Subclass BaseRef in myRef, creating vectors to record voltage

and a custom dictionary vecs to record custom arrays. Ap-

pend them to the manager object and save the simulation’s

results.

1 from neuronvisio.manager import Manager, BaseRef

2

5 A Numpy array or an HocVector are also accepted.
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3 # Subclassing BaseRef

4 class MyRef(BaseRef):

5

6 def __init__(self, sec_name=None, vecs=None, detail=None

):

7

8 BaseRef.__init__(self)

9 self.sec_name = sec_name

10 self.vecs = vecs

11 self.detail = detail

12

13

14 # Your model here

15 # ....

16 #

17

18 # Creating manager obj and vectors for the voltage

19 manager = Manager()

20 manager.add_all_vecRef( ’v ’) # Recording the voltage in each

section

21

22 # Adding custom array, organized in a vecs dictionary

23 vecs = { ’var1 ’ : numpy_array_var1,

24 ’var2 ’ : numpy_array_var2}

25

26 myRef = MyRef(sec_name=sec_name,

27 vecs=vecs)

28

29 # x is the independent variable, usually time

30 manager.add_ref(myRef, x)

31

32 # Logic to run the simulation

33 # ....

34 #

35

36 # Saving the vectors

37 filename = ’ storage .h5 ’
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38 manager.save_to_hdf(filename) �
5.2.6 Results

Neuronvisio aims to solve three issues that arise when deal-

ing with complex neuron simulations: models’visualization

in a 3D space with enhanced interactively, automatic creations

and plotting of vectors, storage of the results of long running

simulation using a computational efficient format which can be

reloaded.

Complex neuron models can be difficult to understand, es-

pecially when the model has thousand of sections. To discover

which channels are loaded in each section can be a daunting

task. The 3D visualization of the model and the Section Tab

integrates a click and discover experience, with which it is pos-

sible to select a section and read its geometrical and biophysical

properties.

The creation of vectors in all the sections of the model is a

common step for any kind of neuron simulation. Neuronvisio

offers a convenient way to automatically add vectors to all the

sections, not restricting it to the voltage itself, but opening to

any variable which the user would be interested. All the vectors

can then be plotted using the integrated matplotlib plotting

library and easily retrieved from the manager object for further

analysis.

Saving long simulations can become rather difficult, especially

if a text file per vector representation is adopted. Neuronvisio

adopts a custom HDF schema to save all the vectors recorded

in the simulation, giving the user the possibility to extend it

to save related custom array. Neuronvisio is then able to load

this file, recreating the same morphology of the model, giving

the ability to inspect the results, plot them and exploring in 3D

space.
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5.3 provenance

The Lego approach to combine different models together to

create a more complex one is used in Computational Neuros-

cience and Systems Biology (Le Novère, 2007). The SBML (Hucka

et al., 2003) is one of the de facto standard used to express com-

putational models. BioModels database6 (Le Novère et al., 2006;

Li et al., 2010) is a free and curated repository with all the SBML

models published.

However, combining different models, if there is a not clear

revision scheme, could be ambiguous. An interesting idea is

to actually connect the development of the model with a DVCS,

which could help to keep track of any changes made. A tag

system could be used to log main revision of the model with

interesting different abilities. A database could then expose the

development and the history of the model, providing a set of

version to a casual user. This approach has been implemented

in the Physiome Model Repository (Miller et al., 2011).

Any other important aspect which is shared by complex

models is the parameters variability space. It is possible to

divide the parameters in two logical groups: parameters which

are changed during the model development up to a defined

value, obtained either through parameter scan or retrieved from

scientific literature, and parameters which vary every simulation.

An example of the former could be the inputs used to stimulate

a neuron, which can differ in location, frequency, duration and

types and can change from simulation to simulation.

To disentangle a model from its simulation’s parameters can

be a difficult task, especially because any model need at least

a set of parameters to run at least one simulation. For that

reason one strategy is to reuse most of the model parameters

and change only the relevant subset. This approach is adopted

by Simulation Experiment Description Markup Language (SED-

6 http://www.ebi.ac.uk/biomodels-main/

http://www.ebi.ac.uk/biomodels-main/
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ML) (Köhn and Le Novère, 2008), which is able to manipulate

any parameter of a model expressed in eXstensible Markup

Language (XML), and change it for that instance and for that

simulation.

While simple neuron models can be expressed in NeuroML

format (Gleeson et al., 2010), and most of the morphology can be

ported from neuron to NeuroML in a loss-less conversion, most

of the biophysical channels used in neuron’s models are not

yet available as ChannelML, a submodule of NeuroML, therefore

complex neuron models can not be entirely represented in

NeuroML and the SED-ML method can not be used.

5.3.1 Sumatra and Git integration

Sumatra7 is an electronic lab book written in Python which

can be used to launch simulation. The main feature of Sumatra

is the ability to record and store automatically the parameters

used in the simulation, together with the dependencies and their

version used and the platform where the simulation has been

performed. Some optional information, like the reason why the

simulation has been ran and the its outcome can also be added.

An important part of Sumatra is the integrated web server

based on django8 which serves dynamically all the already ran

simulations, showing the identifier, the reason and the time used

for the simulation to complete and the link to the simulation’s

details.

Sumatra requires the use of a Version Control System (VCS) to

record and run the simulations and it used to support two VCSs:

Subversion9 and Mercurial10, but not Git. The Hybrid Model

was developed using Git, so I have implemented the Git support

for Sumatra, proposing a patch which has been incorporated in

7 http://neuralensemble.org/trac/sumatra

8 http://www.djangoproject.com/

9 http://subversion.apache.org/

10 http://mercurial.selenic.com/

http://neuralensemble.org/trac/sumatra
http://www.djangoproject.com/
http://subversion.apache.org/
http://mercurial.selenic.com/


122 handling complex simulations

the main tree code of Sumatra and it is now part of the official

bundle.

5.4 timescales , neuronvisio and sumatra workflow

I have developed one workflow as shown in Fig. 42 which

consists of two parts: one how to run the simulation and save

the results, and one how to find the results and analyse them.

Simulation
is ran by 

TimeScales

Results are 
saved with 
Neuronvisio 

Results' path and 
parameters 
are stored 

with Sumatra

Results' path is 
retrieved with

Sumatra

Results are 
reloaded with 
Neuronvisio 

Subsequent
simulation 

management  
with Neuronvisio

Run Analysis

Figure 42: Global workflow to run a simulation and its analysis integ-

rating Neuronvisio, Sumatra and TimeScales.

In the first part (Run), TimeScales is used to run the Hy-

brid Model. To achieve that, the simulation is launched using

Sumatra

1 smt run long_tstop_all_spines_several_stimulation.param �
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The main script to launch the simulation, spineIntegration.py,

has been already been configured with Sumatra, and only the

parameters file is supplied, which can easily vary from simula-

tion to simulation. After the simulation is finished the results are

saved using the Manager class of Neuronvisio. After the script

exits, Sumatra will automatically log the paths of all the new

files created during the simulation.

When the simulation is complete, the Analysis part starts.

First, using the Sumatra web server, the simulation of interest

is retrieved. Recorded in the simulation results are the path of

the results, the parameters used to run the simulation and the

versions of the software used in the simulation.

Figure 43: Results simulation loaded in Neuronvisio. The biochemical

results are in the timeSeries_spine1 and timeSeries_spine2,

WeightRef group stores the weight for each stimulated syn-

apses and the SynVecRef vectors to track synaptics’ values.
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Using Neuronvisio the HDF file can be loaded and the mor-

phology of the model will be recreated, giving the ability to

explore the results, using the embedded plotting abilities, or

analysing the variation of the variable on all the section with

the 3D visualization. Neuronvisio will also load any custom ar-

ray saved in the HDF file, exposing it in the plotting interface as

shown in Fig. 43. For example timeSeries_spine1 stores the results

for the biochemical simulator in spine 1, timeSeries_spine2 stores

the results for the biochemical simulator in spine 2, WeightRef

group holds the synaptic weights and SynVecRef groups the

stimuli and other synaptic related vectors for the different stim-

ulated synapses.



Part IV

C O N C L U S I O N





6
D I S C U S S I O N

6.1 event driven algorithm applied to multiscale

modelling in neuroscience

Multiscale modelling is a technique used to address com-

plex phenomena, which span several orders of magnitude. For

this reason, multiscale modelling is adopted in several fields,

such as climate and weather forecast (Majda, 2000), material

science (Baeurle, 2009) and fluid dynamics (Horstemeyer, 2009).

Other examples can also be found in biology, with carcino-

genesis and homoeostasis framework modelling population

cells (Pitt-Francis et al., 2009), or the multiscale approach used

to integrate molecular dynamics and quantum physics (Burger

et al., 2011). To create a multiscale model it is possible to com-

bine the models of interest with the use of analytics techniques

or creating a layer or interface between the two. It is possible

to use analytics methods only when the models to combine are

simple (Weinan and Engquist, 2003), while different types of

interface are used in the case of complex submodels (Ingram

et al., 2004). See section 1.4 for an in-depth review.

In Neuroscience, a multiscale modelling is required when

the topic of investigation is the relationship between popula-

tions of neurons, modelled with different details of precision,

or the influence of the electrical and biochemical at single cell

levels (Kotaleski and Blackwell, 2010).

To create a multiscale model composed by models which are

simulated by different simulators, it is necessary to implement a

layer between them. An example of this approach is the MUSIC

library (Ekeberg and Djurfeldt, 2008), which permits a one way
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stream of data from one simulator to the other. MUSIC has been

used as the communication tool between a detailed population

of neurons modelled with PyMOOSE (Ray and Bhalla, 2008), and

a bigger population of artificial neurons simulated using Neural

Simulation Technology (NEST) (Gewaltig and Diesmann, 2007)

in 2010 (Djurfeldt et al., 2010).

The variable shared between the simulators is the spikes’

time, which resolves into a stream of floats passed between

the simulators. To achieve the synchronization, every simulator

which supports MUSIC has the ability to emit a tick, a signal

meaning the possibility to share the internal variable at that

time point. Every tick is therefore used as checkpoint, where

the variables are exchanged. The synchronization of this point is

achieved using a while loop, and the ticks need to be emitted at

regular time. As the dt for the numerical integration gets smaller,

the number of ticks required increases (Ekeberg and Djurfeldt,

2008).

This approach is efficient only when there is a dense con-

nectivity between the two systems, justifying a constant while

loop to sync the simulators. However, in case of sparse con-

nectivity, the constant synchronization between the two systems

creates an overhead.

This is the case when electrical and biochemical simulations

are considered together in a multiscale simulation. The main

difference between a biochemical and an electric process resides

in the time which each process needs to produce a change in

the system. For example, a synaptic stimulus will trigger a

voltage response in a spine head which will spike in 100 ms,

while a phosphorylation of AMPARs receptors ranges in seconds

and even minutes. A coupled simulation of biochemical and

electrical activity modelled in a multiscale approach has been

shown by Ray and Bhalla (2008), where the two systems are

run separately and then synced with a while loop at a constant

dt. The variables are copied from one system to the other, and
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then the simulation is run until completion. The time when the

simulators need to sync is hardcoded in the simulation script.

In this thesis I have presented the TimeScales framework,

developed to be able to simulate complex multiscale models. The

main differences with the current solutions, e.g. a continuous

while loop, is the ability to efficiently run simulations with

dense and sparse connectivity. As discussed in section 1.4.2, one

major problem of a multiscale simulation, which uses a layer

approach to connect the two models, is the number and the

time of syncing, together with how long the two models can run

separately before the next sync.

I have proposed an event driven algorithm in section 3.1,

which advances the simulators detached for as long as possible

and synchronize them only at the event time, guaranteeing the

time consistency at the synchronization step. This has two main

results: (i) no random synchronization is performed, but only

when necessary, (ii) the simulators are synchronized at a precise

time, therefore the internal numerical integration strategy used

is completely decoupled from the algorithm itself. Another ad-

vantage of the event-driven algorithm is that the simulators do

not have to implement an ad hoc support, but only exposes three

public methods which usually are already used in a private way,

cf. sec. 3.1. The algorithm is able to decrease the computational

time when the connectivity is sparse and provides a flexible way

to address several inputs at different times. The algorithm has

been tested with a set of events known before the simulation,

such as a train of inputs at a certain frequency, and it does not

allow variable events emerging from the simulation. A way to

overcome this limitation has been presented in section 3.1.3,

where the event driven algorithm is extended to accept events

created during the simulation.

The algorithm was integrated in the TimeScales framework,

which uses Python as its main language. A modular structure
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has been used, to permit an easy integration of other simulat-

ors, together with neuron (Carnevale and Hines, 2006) and

e-cell (Tomita et al., 1999).

The way variables are exchanged at the interface level can

impact the multiscale model.

The approach used by Ray and Bhalla (2008) is to copy the

current variable of interest, e.g Calcium concentration, from

the electrical simulator directly into the biochemical simulator.

This strategy can be adopted when the variable exchanged

is not subject to a quick change in the second simulator. For

example, in the biochemical model of the Hybrid Model, the

Calcium is quickly buffered by the Calmodulin, which results

in a quick decrease on the amount of free Calcium, with an

oscillating concentration between high and low. To resolve this

issue I proposed the use of a Unimolecular Flux to drive the

Calcium concentration in the biochemical model, instead of

copying the concentration directly. Using a Unimolecular Flux

permits to achieve a rise in the Calcium concentration which

resembles the electrical one, with the goal to achieve a more

physiological timecourse. The current solution calculates the

constant to drive the UniMolecular Flux as the derivative of the

concentration of the Calcium at time t and t+ t∆sync. This offers

a good estimation of the Calcium, however one possible way

to extend this approach could be to use a variable ∆t between

the calculation, taking into account the slope of the electrical

Calcium concentration.

To conclude, the two major achievements of the framework

resides in two areas: the way to advance a multiscale model

and how to exchange variables between the simulators. The new

event-driven algorithm can offer an increased efficiency if the

connectivity between the models is sparse, e.g. biochemical and

electrical interactions. In the case of dense connectivity it will

fall back on the classic while loop, reaching the same efficiency.
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The event-driven algorithm can be used within the framework,

or can be re-implemented to fit in a different scenario.

The latter is the way to transfer a variable which changes in

time from one simulator to the other, keeping the same time-

course. The bare copy of the value could create an artefact in

certain conditions, with the value of the variable oscillating

between low and high value. I proposed a solution based on a

unimolecular flux, calculated using the derivative of the variable.

6.2 neuronvisio software and provenance

During the development of the Hybrid Model, the Neur-

onvisio software has been developed as a spin off of my pro-

ject. Given the fact it was addressing common issues in the

neuron community, I have externalized the code from the main

TimeScales software, packaged and made it available for the

community. Neuronvisio introduces a high level 3D rendering

for neuron models to explore in detail the geometry of the

model down to the section level. The integration with matplot-

lib and with the neuron user interface, neurongui, makes it a

powerful companion of neuron. Neuronvisio also offers a user-

extensible method to save simulation results on the hardrive

using the HDF file format. Neuronvisio was also a key part in re-

taining the provenance of the results, which has been described

in chapter 5, where I have presented how it is possible to use

Neuronvisio, TimeScales and Sumatra, in a consistent workflow

to handle high complexity simulations, e.g. a high complexity

model which receives different stimuli in different locations at

different times, and be able to retrieve them at a later stage for

post analysis.



132 discussion

6.3 biochemical and electrical interaction in the

hybrid model

Electrical and biochemical processes are tightly coupled in

neurobiology. However until recently they have not been con-

sidered together in the electrical and biochemical computational

neurosciences. The reasons why there is such a division have

been discussed in section 1.3, and they can be summarized in

three main ones: the different communities, the different math-

ematical frameworks used and the different timescales involved.

Nevertheless, the biochemical cascades are influenced by the

opening of electrical channels, whose states are as well influ-

enced by the biochemical enzymes. Examples of this feedback

loop between the two systems are the influence of the Mitogen-

Activated Protein Kinase (MAPK) pathway on the AMPARs (Bhalla,

2011), the integration between the potassium channels and the

DA stimuli (Surmeier et al., 2007) and the effect of DARPP-32 as

key switch on the DA controls (Fernandez et al., 2006).

In this thesis, the integration loop between the electrical and

the biochemical modelled is given by the Calcium-driven path-

way CaMKII-Calmodulin-Calcineurin, which contributes to the

weight of the synapse affecting the number of phosphorylated

AMPARs in the spine. To model this feedback loop, I have de-

veloped the Hybrid Model of the MSN, which is the first multiscale

model of the MSN with spines, integrating the biochemical with

the electrical aspect, to date, cf. sec. 3.2.

The Hybrid Model features a symmetric dendritic tree with

electrical conductances distributed according to experimental

data (Wolf et al., 2005), together with 1504 explicitly modelled

spines, able to model the biochemical and the electrical beha-

viour of the spine, see sections 3.2.2 and 3.2.4.

The interaction between spines, and in particular the ability

of a stimulated spine to influence neighbouring spines is an
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active research field. The first debated question is if the neck

can act as a filter and reduce the voltage from the spine head

to the dendrites (Araya et al., 2006b; Grunditz et al., 2008), or

does not affect this ability (Palmer and Stuart, 2009). The second

question is if spines influence the plasticity of neighbouring

spines, either with a dispersed plasticity model called synaptic

tagging (Frey and Morris, 1997), or with the Clustered Plasticity

Hypothesis (Govindarajan et al., 2006).

In the simulations presented in chapter 4, it is possible to

summarize two main results: the modelling of the biochemical

has a major impact on the response of the spine, providing a

plasticity rule for the increase of the synaptic weight, compatible

with the low resistivity of the neck as suggested by Palmer

and Stuart (2009); the ability of a stimulated spine to influence

the plasticity of neighbouring spines, forming an engram as

suggested by (Govindarajan et al., 2006), without affecting the

plasticity on distant spines.

These two results are coming from the current version of

the Hybrid Model, which takes into account one biochemical

cascade which influence the plasticity. Several other pathways

are involved in the shaping of the plasticity of the spines, with

significant changes in diseases, like Parkinson’s (Day et al., 2006,

2008). In particular the role of DA as a neuromodulator, able to

change the effect of the Glu, thanks to the connection with the

biochemical pathway triggered (Fernandez et al., 2006; Surmeier

et al., 2010) could be investigated, extending the biochemical

model, leveraging on the fact that the DARPP-32, stimulated by

cAMP and therefore activated also by DA, is already present

in the biochemical model, and including the DA inputs in the

electrical one.

Given the fact the Hybrid Model is run using the modular

Timescale framework, it would be possible to integrate simulat-

ors such as STEPS (Wils and De Schutter, 2009), to explore the

contribution to plasticity of neighbouring spines analyzing the
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three-dimensional diffusion of proteins such as Ras (Lee and

Yasuda, 2009).

In this thesis the role of the connection between biochemical

and electrical has been investigated, and it has been made clear

the importance of multiscale modelling to address complex

questions, such as synaptic plasticity and spines interactions,

which do not belong either to biochemical signalling or electrical

modelling, but are the results of the two combined.



A
A P P E N D I X

a.1 electrical modelling

The first biophysical models for electrical modelling were

presented in the seminal paper in 1952 by Hodgkin and Hux-

ley (1952), where they proposed the electric circuit equivalent

formalism to compute the voltage across the membrane and to

model the channels in the membrane as variable resistances.

a.1.1 Hodgkin Huxley model

In the Hodgkin-Huxley model, the semi-permeable mem-

brane acts as a capacitor. If an input current I(t) is injected in a

cell, it may add further charge on the capacitor, or leak through

channels in the cell membrane. Because of the active ion trans-

port through the cell membrane, the ion concentrations inside

and outside the cell are different and generate a difference of

potential which can be calculated using the Nernst potential

equation A.1. The difference of potential (∆u) is directly pro-

portional to the natural logarithm of the fraction of the ion’s

concentrations in the two compartments (n1,n2), the temperat-

ure T expressed in Kevin, the Boltzman’s constant k and the

charge of the ion q.

∆u = −
kT

q
ln
n1
n2

(A.1)

The Nernst equation is valid only for dilute solutions and

does not take in account more than one species. The Goldman-

Hodgkin-Katz equation A.2 can be used to calculate the dif-

ference of voltage across a biological membrane, knowing the

135



136 appendix

concentrations of the monovalent Cation (M+) and Anion (A−),

inside and outside the cell and the membrane permeability PM+

and PA− .

Em =
RT

F
ln

∑N
i PM+

i
[M+

i ]out +
∑M
j PA−

j
[A−
j ]in∑N

i PM+
i
[M+

i ]in +
∑M
j PA−

j
[A−
j ]out

 (A.2)

The same equation, applied to Potassium, Sodium and Chlor-

ide can be written as A.3.

Em =
RT

F
ln

(
PNa+[Na

+]out + PK+[K
+]out + PCl−[Cl

−]in
PNa+[Na+]in + PK+[K+]in + PCl−[Cl−]out

)
(A.3)

I

gL gK gNa

EL EK ENA

Cm

Figure 44: HH model. An equivalent electric circuit is used to model

how the current flows into the neuron. Three conductances

are used: one for the Sodium (Na+) channel, one for the

Potassium (K+) channel and the last one as a general chan-

nel called ’Leak’. The cellular membrane is modelled as a

capacitor.

For the conservation of the charge on a portion of membrane,

the equation implies that the total I(t) is divided in the parallel

circuit, charging the capacitor C and all the other components Ij
which pass through the channel.

I(t) = IC(t) +
∑
j

Ij(t) (A.4)
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The channels in the standard Hodgkin Huxley model are only

three types: the K channel, the Na channel and and unspecific

leakage channel with a R resistance. The definition of capacitor

is C = Q
u where Q is the charge and u is the voltage across

the capacitor. So the charging current of the capacitor is IC =

Cdu/dt resolving from A.4 to

C
dV

dt
Iion = Iext (A.5)

Each channel can be modelled thinking in terms of permissive

and not permissive gates. Calling pi the population of the gate

in the permissive mode and 1− pi the population of the gate in

the non permissive mode we can write the equation:

dpi
dt

= αi(V)(1− pi) −βi(V)pi (A.6)

At steady-state situation, we do not have anymore the variation

in the number of gates in the permissive or not permissive mode.

So we have dV
dt = 0 and A.6 becomes with pi,t→∞1

0 = αi(V)(1− pi,t→∞) −βi(V)pi,t→∞ (A.7)

which can be rewritten in

pi,t→∞(αi(V) +βi(V)) = αi(V) (A.8)

and finally in

pi,t→∞ =
αi(V)

αi(V) +βi(V)
(A.9)

To estimate the time course of the opening and closing of

the channels, it is possible to observe that αi is a constant at a

certain fixed voltage. Therefore we can simplify eq. A.6 in

dp

dt
= αi(1− p) −βip (A.10)

rearranged in

dp

dt
= αi −αip−βip

1 ∞ is used to symbolize steady-state.
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All the terms can be divided by p

1

p

dp

dt
=
αi
p

−
(αi +βi)p

p

leading to

1−αi
p

dp

dt
= −(αi +βi)

and to

1−αi
p

dp = −(αi +βi)dt

We can integrate each member∫
1−αi
p

dp =

∫
−(αi +βi)dt

(1−αi)

∫
1

p
dp = −(αi +βi)

∫
dt

(1−αi) lnp = −(αi +βi)t+C

We are going to use the exponential on both parts:

elnp1−αi = e−(αi+βi)t

finally reaching

p1−αi = e−(αi+βi)t +K (A.11)

and we can define τ(V) as 1
αi(V)+βi(V)

a.1.2 The equation of the conductance

Considering all the channels in the membrane, the equation

about the population can be written also as

dn

dt
(V) = αi(1−n)(V) −βin(V) (A.12)

At steady state n∞, the differential potential in the cell is zero.

The boundary conditions for the eq. A.12 are
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n∞(0) =
αn(0)

αn(0) +βn(0)

and, as soon the membrane is clamped to the potential Vc:

n∞(Vc) =
αn(Vc)

αn(Vc) +βn(Vc)

Therefore the solution of the equation A.12 is

n(t) = n∞(Vc) − [n∞(Vc) −n∞(0)]e−
t
τn (A.13)

with

τn(Vc) =
1

αn(Vc) +βn(Vc)
(A.14)

So the conductance for the K is given by:

GK = ḡKn
4 (A.15)

therefore we can express the conductance in function of the

voltage, the time and the time constant:

GK = {(G∞(Vc))
1
4 − [(G∞(Vc))

1
4 − ((G∞(0))

1
4 ]e−

t
τn }4 (A.16)

a.1.3 Parametrizing the rate Constants

Knowing the conductance n∞(Vc) of the membrane and the

voltage Vc at which the membrane is clamped, it is possible to

characterize the two rate constants αn(Vc) and βn(Vc) with the

following equations:

αn(V) =
n∞(V)

τn(V)
(A.17)

βn(V) =
1−n∞(V)

τn(V)
(A.18)
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There is a formal equivalence between the two ways to ex-

press channel properties αn(V), βn(V) and n∞(V), τn(V), with

the former preferred by modellers and the latter by experiment-

alist, due to the ability to directly measure the parameters.

a.1.4 Multicompartment model

In a neuron, the AP travels along the plasmatic membrane,

from the dendritic tree towards the soma and the axon, or

viceversa as a bAP. Rall (1957) proposed to model the whole

body of the neuron, axon, soma and dendritic tree, as series of

cylinders, re-adapting the cable equation used for long range

submarine electrical cables.

1

r1

∂2V

∂x2
= cm

∂V

∂t
+
V

rm
(A.19)

In the formal definition, the Rall cable equation (A.19) in-

volves PDEs, where the Voltage V across the cable is depending

at the same time from space ∂2V
∂x2

and time ∂V
∂t , with ri the cyto-

plasm resistivity, cm the membrane capacity for a unit length

and rm the membrane resistivity for a unit length.

The cable equation is extremely difficult to solve for long

segments, due to the continuous variation of the voltage among

space and time, therefore simulators like neuron (Carnevale

and Hines, 2006; Hines and Carnevale, 2001) or GENESIS (Bower

and Beeman, 1998), are using a multicompartment approach.

In a multicompartment approach, the body of the neuron

is divided in short, isopotential, segments which are treated

as an equivalent electrical circuit and connected to the other

using an axial resistance. Each segment could have different sets

of channels, to better map the physiological properties of the

neuron. Each section could have an ad hoc number of segments,

usually proportional to the length of the section which they

represent. For example, in figure 45 is presented the electrical
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Figure 45: A multicompartment model of a Pyramidal neuron. The

equivalent circuit representation is used to represent how

many segments are used for each section, and which chan-

nels are inserted if any. The 3D rendering of the cell is

obtained using Neuronvisio.

circuit equivalent of a simple model of pyramidal neurons, with

the number of segments used for each section of the neuron.

The model is taken from Hines et al. (2009), while the rendering

in 3D is obtained using Neuronvisio, described in chapter 5.

The length of the axon is 1000 µm and it’s modelled with 37

segments, 600 µm for the apical, modelled with 23, 200 µm for

the basilar modelled with 5 and 30 µm for the soma, modelled

with one segment only.

The voltage is then calculated using numerical integration

techniques, discretizing the time in small ∆t. There are different

type of integration, and the choice of the ∆t is relevant only for

the fixed time point integration method. Adaptive integration
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method are able to change the ∆t according to the stiffness of

the systems.

a.2 biochemical signalling

The velocity (V) of a irreversible reaction, expressed in equa-

tion A.20, is defined as the ratio between the quantity of product

B and the quantity of reagent A that is transformed in a time

∆t, with α and β the stoichiometric coefficients, as expressed in

equation A.21.

αA −−→ βB (A.20)

V =
d[B]

βdt
= −

d[A]

αdt
. (A.21)

V is proportional to the concentration of A and can be ex-

pressed as

V = k1[A]
α. (A.22)

The unit of measure of the V is [molLs ], the one of k1 is [s−1].

Most biochemical reactions are reversible, and for a reaction

that involves two molecules it is possible to write2:

[A]
k1−−⇀↽−−
k−1

[B].

In this case, the velocity of the formation for the B product is

less than in a irreversible reaction, due to the quantity of the B

product that is re-transformed into A, i.e.

V = k1[A] − k−1[B]. (A.23)

2 I’ll assume the stoichiometric coefficients, α and β, are equal to one for clarity

reasons.
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This type of relation is usually expressed with the constant of

equilibrium, defined as follow:

K =
k1
k−1

=
[A]eq
[B]eq

(A.24)

where [A]eq and [B]eq are the concentration of A and B at the

equilibrium.

An enzymatic reaction can be expressed as in A.25

S + E
k1−−⇀↽−−
k−1

ES
k2−→ E + P (A.25)

with S as the substrate, E as the enzyme, ES as the complex

between the two and P as the product.

Enzymes are a particular category of proteins that are able

to transform specific reagents in specific products. The reaction

between the reagents is spontaneous if ∆G < 0. ∆G is the

free energy defined as the energy portion of a thermodynamic

system available to perform the reaction. If the ∆G is positive

∆G, the reaction is not possible and the use of Adenosine-5’-

triphosphate (ATP)3 or another energetic molecule is needed

to make the ∆G negative. The enzyme facilitates the reaction

lowering the activation threshold, without being affected by the

reaction itself, and it is then able to take part in another reaction.

a.2.1 Enzymatic Kinetics: Michaelis-Menten

The velocity of the formation of the product is, according to

the A.25 , equal to

d[P]

dt
= k2[ES]. (A.26)

The quantity [ES] is not easily measurable, so the A.26 is

rearranged with a measurable quantity, like the concentration

3 The energy is obtained by the cleavage of the energetic phosphates groups.
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of substrate [S], and the total concentration of the enzyme, [ET ],

defined as the sum of the concentration of the free enzyme plus

the concentration of the enzyme bound with the substrate:

[ET ] = [ES] + [E]. (A.27)

Considering d[ES]
dt = 0, it is possible to rewrite the [ES] as the

sum of the dissociation of the complex in the free enzyme and

substrate k−1[ES] plus formation of the product k2[ES], i.e.:

k1[E][S] = k−1[ES] + k2[ES] (A.28)

and rearranged in

[ES] =

(
k1

k−1 + k2

)
[E][S] (A.29)

where the ratio between the constant can be grouped by the

constant Km

Km =
k−1 + k2
k1

. (A.30)

It is possible to rewrite the A.29 in

Km[ES] = [E][S]. (A.31)

Substituting the A.27 in A.31 we obtain :

[ES] =
([ET ] − [ES])[S]

Km
. (A.32)

Rearranging gives

[ES]
Km

[S]
= [ET ] − [ES]

[ES](1+
Km

[S]
) = [ET ]
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[ES] = [ET ]
1

1+ Km
[S]

(A.33)

We can finally substitute the equation A.33 in the equation

A.26 and obtain

d[P]

[dt]
= k2[ET ]

[S]

Km + [S]
. (A.34)

The equation A.34 is called also the Michaelis-Menten equa-

tion, with the only difference that the reaction [ES]→ [P] + [E]

is taken in account as suggested by Briggs and Haldane (1925).

Two important aspects should be stressed: (i) each enzyme-

substrate couple has its own Km, (ii) if the concentration of the

substrate is much larger than the Km the ratio [S]
Km+[S] tends to 1,

so the equation can be approximated as

d[P]

[dt]
= k2[ET ] = Vmax (A.35)

where Vmax is the maximum velocity that the reaction can take

place.

The constant k2 is also called kcat :

d[P]

[dt]
= kcat[ET ] = Vmax. (A.36)

a.2.2 Enzymatic constants: biological meaning

a.2.2.1 Km constant

The constant Km A.30 is a measure of the concentration of

the substrate and is equal to Vmax/2.

A high value means that the dissociation of the complex

[ES] in the enzyme [E] and the substrate [S] is more probable

than the formation of the product [P] and the enzyme [E]. So,

enzymes with a great affinity for a substrate have a small Km
while enzymes with a poor affinity a bigger one.
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a.2.2.2 kcat constant

The constant kcat A.36 is a direct measure of the formation of

the product. It is also called turnover, which means the number

of the products’ molecules transformed in one second.

a.2.2.3 kcat/Km ratio

When the KM is lower than the [S], the ratio of the two

constants kcat and Km is a measure of the catalytic efficiency of

the enzyme for the specific type of substrate. It is meaningfulAn enzyme can

react with several

types of substrates.

However with some

of them the enzyme

is more efficient

than with others.

only when the concentration of the substrate [S] is very low. This

ratio is used as the efficiency of the enzyme toward different

type of substrates.

The Michaelis-Menten equation assumes the substrate should

be in excess in respect the concentration of the Enzyme and the

solution should be well stirred. This is not always true in the

spine, where the crowding of the environment is an important

factor and there is a limited availability of the substrate. In the

biochemical model presented in chapter 3, the reactions are

modelled using mass action law and estimates of k1, k−1 and k2
directly.

a.3 potassium inward rectifier scan

In figure 46 it is shown the voltage response in the spine

head. At different conductances, there is no significant difference

for the top response in the spine head.
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(a) Parameter scan for the Potassium Rectifier channel
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(b) First train zoomed in
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(c) Second train zoomed in

Figure 46: Kir max conductance vairation. Voltage response in the

spine head at the variation of the KIR maximal conductance.



148 appendix

a.4 neuronvisio installation

a.4.1 Requirements

These are the dependencies needed by Neuronvisio:

• PyQt4: http://www.riverbankcomputing.co.uk/software/

pyqt/download

• ipython: http://ipython.scipy.org/moin/

• mayavi2: http://code.enthought.com/projects/mayavi/

4.4.1 (or better)

• matplotlib: http://matplotlib.sourceforge.net/

• setuptools: http://pypi.python.org/pypi/setuptools

• pytables: http://www.pytables.org/

and of course NEURON compiled with python support.

a.4.2 Installing instructions per system

a.4.2.1 Ubuntu and GNU/Linux based

On Ubuntu/Debian they can be easily installed using apt-get

with:

1 sudo apt-get install python-qt4 ipython python-matplotlib

python-setuptools python-tables �
If the system used is a different flavour of GNU/Linux,

like Fedora for example, just install the requirements with the

system’s package manager, then proceed to Package Install A.4.3

section.

http://www.riverbankcomputing.co.uk/software/pyqt/download
http://www.riverbankcomputing.co.uk/software/pyqt/download
http://ipython.scipy.org/moin/
http://code.enthought.com/projects/mayavi/
http://matplotlib.sourceforge.net/
http://pypi.python.org/pypi/setuptools
http://www.pytables.org/
http://www.neuron.yale.edu/neuron/
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a.4.2.2 Mayavi

If pip is installed you can install Mayavi typing:

1 pip install "Mayavi[app] " �
For other procedures to install Mayavi have a look at the

Mayavi doc. On Ubuntu you will need to install manually these

two modules: python-vtk and python-configobj:

1 sudo apt-get install python-vtk python-configobj �
Make sure the TraitsBackendQt4 has been installed as well.

To install it run

1 pip install TraitsBackendQt �
a.4.2.3 Mac OS X

Install the PyQt4. To get ipython, mayavi and matplotlib it’s

higly suggested to get a prepackaged scientific python distribu-

tion.

Some pointers:

• Enthought Distribution: http://www.enthought.com/products/

epd.php

• Scipy SuperPack: http://macinscience.org/?page_id=6

The last one is maybe missing mayavi2. Follow the instruc-

tion on Mayavi doc to install it. Then move to Package Install

A.4.3.

a.4.2.4 Windows

Install PyQt4 from http://www.riverbankcomputing.co.uk/

software/pyqt/download

4 http://pypi.python.org/pypi/TraitsBackendQt

http://pypi.python.org/pypi/pip
http://code.enthought.com/projects/mayavi/docs/development/html/mayavi/installation.html
http://www.riverbankcomputing.co.uk/software/pyqt/download
http://www.enthought.com/products/epd.php
http://www.enthought.com/products/epd.php
http://macinscience.org/?page_id=6
http://code.enthought.com/projects/mayavi/documentation.php
http://www.riverbankcomputing.co.uk/software/pyqt/download
http://www.riverbankcomputing.co.uk/software/pyqt/download
http://pypi.python.org/pypi/TraitsBackendQt


150 appendix

Some pointers to get scientific python distribution:

• Enthought Distribution: http://www.enthought.com/products/

epd.php

• Python(x,y): http://www.pythonxy.com/foreword.php

The last one is maybe missing mayavi2. Follow the instruc-

tion on Mayavi doc to install it. Proceed to the Package Install

A.4.3.

a.4.3 Package Install

If pip is installed and all the requirements are already satis-

fied type:

1 pip install neuronvisio �
to download and install Neuronvisio.

Without pip, download the latest neuronvisio.tgz file from

Neuronvisio’s PyPI page, untar it and run:

1 python setup.py install �
a.4.4 Development version and Source Code

If you want to run the latest code you can clone the git repo

and run the software from there:

1 git clone git://github.com/mattions/neuronvisio.git

neuronvisio �
then you need to add the directory (the absolute path) to your

PYTHONPATH (in bash):

1 export PYTHONPATH=$PYTHONPATH:/path-to-neuronvisio-dir/src �

http://www.enthought.com/products/epd.php
http://www.enthought.com/products/epd.php
http://www.pythonxy.com/foreword.php
http://code.enthought.com/projects/mayavi/documentation.php
http://pypi.python.org/pypi/pip
http://pypi.python.org/pypi/neuronvisio/
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a.5 companion dvd

Together with this dissertation there is a companion DVD,

with included a git clone of the Neuronvisio repository, a

git clone of the TimeScales repository and a git clone of the

steps_sbml repository. In the Sims directory instead, there are

the figures relative to the eighteen-simulation-set explained in

chapter 4, section 4.2.
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