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ABSTRACT

Communication Theoretical Modeling and Analysis of Neuronal

Communication with Synaptic Plasticity

Tooba Khan

Doctor of Philosophy in Electrical and Electronics Engineering

April 06, 2022

Emergence of nanoscale devices and their applications mandates the facilitation of

communication between these devices, and hence, the development of nanonetworks,

to overcome their computational and power limitations owing to their size. The

nanonetworks need novel communication paradigms since they are fundamentally

different from the traditional communication networks. The human body is a large-

scale network of molecular nanonetworks composed of billions of nanomachines, i.e.,

cells, where molecules are used to encode, transmit and receive information. The

largest and the most vital intra-body nanonetwork is the nervous nanonetwork.

Thus, the aim of this thesis is to investigate the nervous nanonetwork from infor-

mation and communication theoretical perspective, to lay down the foundations of

a novel bio-inspired communication paradigm for nanonetworks. We focus on the

communication theoretical analysis of single-input-single-output (SISO) as well as

multiple-input-single-output (MISO) neuro-spike communication channels, consid-

ering memory and metabolic energy constraints. Synaptic plasticity is a ubiquitous

phenomenon in central as well as peripheral nervous systems and is associated with

memory and learning new behaviors and skills. Thus, we further aim to analyze the

neuro-spike communication incorporating the plasticity. The results obtained from

this study would allow us to select optimal parameters to realize efficient bio-inspired

nanonetworks. Moreover, since neurodegenerative diseases such as Alzheimer’s Dis-

ease, Parkinson’s Disease and Multiple Sclerosis are caused by the malfunction of

the sub-processes of the neuro-spike communication, these results can be compared

with the results obtained from diseased synapses to develop the future ICT-inspired

diagnostic and treatment techniques for neural disorders.
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ÖZETÇE

Sinaptik Plastisite ile Nöronal İletişimin İletişim Teorik Modellemesi ve

Analizi

Tooba Khan

Elektrik ve Elektronik Mühendisliği, Doktora

06 Nisan 2022

Nano ölçekli cihazların ve uygulamalarının ortaya çıkması, bu cihazlar arasındaki

iletişimin kolaylaştırılmasını ve dolayısıyla boyutları nedeniyle hesaplama ve güç

sınırlamalarının üstesinden gelmek için nano ağların geliştirilmesini zorunlu kılmaktadır.

Nanoağlar, geleneksel iletişim ağlarından temelde farklı oldukları için yeni iletişim

paradigmalarına ihtiyaç duyarlar. İnsan vücudu, moleküllerin bilgiyi kodlamak,

iletmek ve almak için kullanıldığı milyarlarca nanomakineden, yani hücrelerden

oluşan büyük ölçekli bir moleküler nanoağlar ağıdır. En büyük ve en hayati vücut

içi nano ağ sinirsel nano ağdır. Bu nedenle, bu tezin amacı, sinirsel nano ağını

bilgi ve iletişim teorik perspektifinden araştırmak, nanoağlar için yeni bir biyo-

ilhamlı iletişim paradigmasının temellerini oluşturmaktır. Bellek ve metabolik en-

erji kısıtlamalarını göz önünde bulundurarak, tek girişli tek çıkışlı (SISO) ve çoklu

girişli tek çıkışlı (MISO) nöro-spike iletişim kanallarının iletişim teorik analizine

odaklanıyoruz. Sinaptik plastisite, merkezi ve periferik sinir sistemlerinde her yerde

bulunan bir fenomendir ve hafıza ve yeni davranış ve becerilerin öğrenilmesi ile

ilişkilidir. Böylece, plastisiteyi içeren nöro-spike iletişimi analiz etmeyi amaçlıyoruz.

Bu çalışmadan elde edilen sonuçlar, verimli biyo-ilhamlı nanoağları gerçekleştirmek

için en uygun parametreleri seçmemize izin verecektir. Ayrıca, Alzheimer Hastalığı,

Parkinson Hastalığı ve Multipl Skleroz gibi nörodejeneratif hastalıklar, nöro-spike

iletişiminin alt süreçlerinin arızalanmasından kaynaklandığından, bu sonuçlar, gele-

cekteki BİT-ilhamlı teşhis ve tedavi tekniklerini geliştirmek için hastalıklı sinapslar-

dan elde edilen sonuçlarla karşılaştırılabilir.

v



ACKNOWLEDGMENTS

I would like to express my deep and sincere gratitude to my advisor, Prof. Özgür
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Chapter 1

INTRODUCTION

Nanotechnology is one of the frontiers of the scientific research in the current

age having a huge set of applications that are being realized in a variety of envi-

ronments. Some of these include bio-hybrid systems [He et al., 2015], nanoscale

sensing [Kagan et al., 2009], intelligent drug delivery [Nakano et al., 2012a] and

body area networks (BAN) [Seyedi et al., 2013]. Although nanotechnology promises

a big revolution in the future, the implementation challenges are also huge. Due to

the limited dimensions of nanomachines, they have scarce processing, memory and

networking capabilities. These limitations can be overcome by dense deployment of

nanomachines in networked environments, termed as nanonetworks [Akyildiz et al.,

2008].

Different communication paradigms are suggested for the realization of nanonet-

works in physical environment such as nanomechanical, acoustic, electromagnetic,

chemical and molecular communications. However, the most promising one is molec-

ular communication [Giné and Akyildiz, 2009], where molecules are used to encode,

transmit and receive information.

Molecular communication systems exist in nature and have evolved over billions

of years. These systems can be found all around and within us. Understanding

this molecular signaling among living cells from information and communication

theoretical (ICT) perspective provides novel nanonetworking paradigms and a deep

insight into the ICT-based fundamentals of biological systems.

Molecular communication is different from traditional communication paradigms

in various aspects such as the sizes of network entities, information transmission

mechanisms, noise sources and fundamental performance limits including trans-
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mission delay, achievable data rates, range and power. This calls for laying down

the foundation of the emerging field of molecular information and communication

science. Therefore, the aim of this thesis is to analyze the existing literature on

intra-body nanonetworks and molecular communication paradigms, to establish the

fundamentals limits of molecular communication and information science.

Nervous system is one the most studied intra-body nanonetwork from commu-

nication theoretical perspective to understand fundamentals of molecular commu-

nication. However, to realize the bio-inspired and bio-compatible communication

paradigm for nanonetworks, more comprehensive understanding of neuro-spike com-

munication is required. Thus, in this thesis, we aim to cover the unexplored areas of

neuro-spike communication by analyzing hippocampal pyramidal neurons. Neuro-

spike communication, one of the most evolved and investigated form of molecular

communication [Balevi and Akan, 2013,Malak and Akan, 2013a,Abbasi and Akan,

2015,Malak and Akan, 2014,Ramezani and Akan, 2015b], is where electrochemical

impulses and neurotransmitters are used for information transfer. Within neuron,

information is transferred by electrochemical impulses called action potential (AP)

or spike that travel along an axon that branches out at the end and form connec-

tions with other neurons. Most of the neurons are physically disconnected from

each other having a small gap called synaptic cleft. This connection is commonly

known as synapse [Kandel et al., 2000]. The two ends of the synapse are pre- and

postsynaptic terminals corresponding to transmitter and receiver neurons, respec-

tively as shown in Fig. 1.1. Spike traveling through axon of transmitter neuron

arrives at pre-synaptic terminal and releases neurotransmitters into the synaptic

cleft. The major type of neurotransmitter in central excitatory synapses is known

as Glutamate. Once released into the cleft, these glutamate molecules are captured

by receptors present on postsynaptic terminal generating Excitatory Postsynaptic

Potential (EPSP). For successive transmissions, neurotransmitters need to be re-

moved from synaptic cleft before next vesicle release. In Central Nervous System,

clearance of these neurotransmitters is achieved through diffusion of molecules out

of the cleft as well as by re-uptake phenomenon [Danbolt, 2001], where a fraction of
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Figure 1.1: Single-input Single-output (SISO) Neuro-spike Communication.

neurotransmitters are re-absorbed by pre-synaptic terminal for re-cycling.

Moreover, in central nervous system, multiple pre-synaptic neurons converge and

make individual synapses to a single post-synaptic neuron. The monosynaptic EP-

SPs generated at each synapse are then integrated at SOMA and spike is generated

when this cumulative EPSP reaches a threshold. Thus, in chapter 5 and 6, we focus

our analysis on multiple-input multiple-output (MISO) neuro-spike communication

channel.

Synaptic plasticity is one of the most crucial phenomena associated with our

brains. It is the ability of the brain to reorganize neural pathways based on new

experiences. It has been shown through experimental evidence that the amplitude

of postsynaptic potential is not fixed but can change over time, either facilitating

or inhibiting the information transmission. Different factors can either increase or

decrease the transmission efficacy of the synapse and this change can last for minutes,

hours or days. Synaptic plasticity has been observed in brain as well as in spinal

cord [Cooke and Bliss, 2006, Tahayori and Koceja, 2012]. There are two types of

plasticity; short-term and long-term plasticity. Short-term plasticity leads to short-

term changes in synaptic strength, lasts from milliseconds to minutes and regulate

the moment-to-moment information flow through a neural circuit. On the other
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hand, long-term plasticity leads to persistent changes in synaptic strength, persists

for hours to the lifetime of synapse and alters microcircuit function in response to

an activity indicating change in computational demands.

In this thesis, we aim to analyze neuro-spike communication in more detail.

However, before diving into neuro-spike communication, we study the fundamentals

of molecular information and communication science in chapter 2. In chapter 3, we

highlighted the research gap in modeling of SISO neuro-spike communication channel

and provide a realistic model of diffusion of neurotransmitters in the synapse. In

chapter 4, information theoretical analysis of realistic SISO communication channel

is achieved and closed-form equation for the capacity of the SISO channel is provided.

Moreover, short-term plasticity caused by depletion of readily releasable vesicles

is also considered. In chapter 5, we model spike generation in MISO neuro-spike

communication channel and analyze the maximum achievable sum rate. Moreover,

we consider metabolic energy constraints on information transmission in brain to

avoid over estimation of its performance. In chapter 6, we again analyze MISO

channel, however, this time we consider the effect of short-term plasticity caused

by the dynamic nature of spiking threshold and also evaluated the responses of

different types of neurons in terms of firing pattern. In chapter 7, we analyze the

effects of long term plasticity on information flow in MISO channel. In chapter 8,

we analyze the tripartite synapse, i.e. a synapse enwrapped by an astrocyte that

regulate the vesicle release probability of pre-synaptic neuron through a feedback

channel. Finally, we conclude our work in chapter 9.

1.1 Fundamental Contributions

The fundamental contributions of this thesis in analyzing neuro-spike communica-

tion and in the realization of bio-inspired communication paradigm for nanonetworks

can be listed below:

• Establishing fundamentals of molecular information and communication sci-

ence
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• Realistic model for diffusion of neurotransmitters in synaptic cleft considering

synaptic geometry and clearance of neurotransmitters from the cleft

• Deriving closed form expression for the capacity of a realistic SISO channel

considering all biophysical parameters and channel memory in vesicle release

process

• Modeling the spike generation in MISO channel and analyzing maximum

achievable sum rate of the channel

• Analyzing MISO neuro-spike communication including the effects of dynamic

spiking threshold with different types of neurons

• Enforcing metabolic energy constraints on information transmission in neurons

• Analyzing the effects of synaptic plasticity, short-term as well as long-term,

on information flow through neuro-spike communication channel

• Analyzing the effects of synaptic plasticity on information flow, caused by the

astrocytes in a tripartite synapse

1.2 Thesis Outline

This thesis is organized into the following chapters:

Chapter 2: In this chapter, we introduce a novel perception of molecular com-

munication paradigm to lay down the foundations of science of molecular in-

formation and communication. We review the existing literature on intra-body

nanonetworks and molecular communication to highlight the research gap and

future directions to resolve open issues. Moreover, we propose a framework to

establish the fundamental limits of molecular information and communication

science by relating physical and chemical properties of molecular communi-

cation channel to its ICT-based characteristics. Finally, we emphasize the

significance of molecular communication in biomedical applications.
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Chapter 3: In this chapter, we formulate a novel mathematical model for

the propagation of neurotransmitters in the synaptic cleft and then binding

with the postsynaptic receptors. This model considers three dimensional mo-

tion of neurotransmitters in the cleft restricted by the boundaries formed by

pre- and postsynaptic terminals as well as the re-uptake of neurotransmitters

by pre-synaptic neuron for recycling. Based on this model we develop a fast

deterministic algorithm, which calculates expected value of the output of this

channel, namely the amplitude of EPSP, for given synaptic parameters. We

validate our algorithm by a Monte Carlo simulation, which shows total agree-

ment between the results of two methods. Finally, we utilize our model to

quantify effects of variation in synaptic parameters such as position of release

site, receptor density, size of postsynaptic density (PSD), diffusion coefficient,

uptake probability and number of neurotransmitters in a vesicle, on maximum

number of bound receptors that directly affect peak amplitude of EPSP.

Chapter 4: In this chapter, we focus on the fundamental building block of

neuro-spike communication, i.e., signal transmission over a synapse, to evalu-

ate its information transfer rate. We aim to analyze a realistic synaptic com-

munication model, which for the first time, encompasses the variation in vesicle

release probability with time, synaptic geometry and the re-uptake of neuro-

transmitters by pre-synaptic terminal. To achieve this objective, we formulate

the mutual information between input and output of the synapse. Then, since

this communication paradigm has memory, we evaluate the average mutual

information over multiple transmissions to find its overall capacity. We de-

rive a closed-form expression for the capacity of the synaptic communication

as well as calculate the capacity-achieving input probability distribution. Fi-

nally, we find the effects of variation in different synaptic parameters on the

information capacity and prove that the diffusion process does not decrease

the information a neural response carries about the stimulus in real scenario.

Chapter 5: In this chapter, we quantify the information transmitted through
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the multiple-input single-output (MISO) neuro-spike communication channel

by taking into account models for axonal propagation, synaptic transmission

and spike generation. Moreover, the spike generation and propagation in each

neuron requires opening and closing of numerous ionic channels on the cell

membrane, which consumes considerable amount of Adenosine Triphosphate

(ATP) molecules called metabolic energy. Thus, we evaluate how applying

a constraint on available metabolic energy affects the maximum achievable

mutual information of this system. To this aim, we derive a closed form

equation for the sum rate of the MISO neuro-spike communication channel

and analyze it under the metabolic cost constraints. Finally, we discuss the

impacts of changes in number of pre-synaptic neurons on the achievable rate

and quantify the trade-off between maximum achievable sum rate and the

consumed metabolic energy.

Chapter 6: The information from outside world is encoded into spikes by the

sensory neurons. These spikes are further propagated to different brain regions

through various neural pathways. In the cortical region, each neuron receives

inputs from multiple neurons that change its membrane potential. If the ac-

cumulated change in the membrane potential is more than a threshold value,

a spike is generated. According to various studies in neuroscience, this spik-

ing threshold adapts with time depending on the previous spike. This causes

short-term changes in the neural responses giving rise to short-term plasticity.

Therefore, in this chapter, we analyze a multiple-input single-output (MISO)

neuro-spike communication channel and study the effects of dynamic spiking

threshold on mutual information and maximum achievable sum rate of the

channel. Since spike generation consumes a generous portion of the metabolic

energy provided to the brain, we further put metabolic constraint in calculat-

ing the mutual information and find a trade-off between maximum achievable

sum rate and metabolic energy consumed. Moreover, we analyze three types of

neurons present in the cortical region, i.e., Regular spiking, Intrinsic bursting
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and Fast spiking neurons. We aim to characterize these neurons in terms of en-

coding/transmission rates and energy expenditure. It will provide a guideline

for the practical implementation of bio-inspired nanonetworks as well as for

the development of ICT-based diagnosis and treatment techniques for neural

diseases.

Chapter 7: The information flow in neuro-spike communication channel is

regulated by the ability of neurons to change synaptic strengths over time, i.e.

synaptic plasticity. Thus, the performance evaluation of the nervous nanonet-

work is incomplete without considering the influence of synaptic plasticity. In

this chapter, we focus on information transmission among hippocampal pyra-

midal neurons and provide a comprehensive channel model for MISO neuro-

spike communication, which includes axonal transmission, vesicle release pro-

cess, synaptic communication and spike generation. In this channel, the spike

timing dependent plasticity (STDP) model is used to cover both synaptic

depression and potentiation depending on the temporal correlation between

spikes generated by input and output neurons. Since synaptic strength changes

depending on different physiological factors such as spiking rate of presynaptic

neurons, number of correlated presynaptic neurons and the correlation factor

among them, we simulate this model with correlated inputs and analyze the

evolution of synaptic weights with time. Moreover, we calculate average mu-

tual information between input and output of the channel and find the impact

of plasticity and correlation among inputs on the information transmission.

The simulation results reveal the impact of different physiological factors re-

lated to either presynaptic or postsynaptic neurons on the performance of

MISO neuro-spike communication. Moreover, they provide guidelines for se-

lecting the system parameters in a bio-inspired neuronal network according to

the requirements of different applications.

Chapter 8: In this chapter, we study plasticity effect on vesicle release pro-

cess in a tripartite synapse. Astrocytes, the most abundant glia cells in brain,
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being in physical proximity of pre- and postsynaptic terminals of the chemical

synapse, form tripartite synapses. The feedback from astrocytes introduces

synaptic plasticity, which modulates information transmission through neu-

rons. Various other synaptic events also cause plasticity, hence combining

them in a single model is quite challenging. In this chapter, we study the

combined effect of short-term depression (STD) and long-term potentiation

(LTP) on vesicle release process in a tripartite synapse. STD decreases the

release probability due to slower replenishment rates of releasable vesicles,

whereas LTP is due to the positive feedback from astrocytes that increases

release probability. Thus, we evaluate vesicle release probability and mutual

information between input spikes and vesicle release to quantify the effect of

STD and LTP on information transmission. Moreover, the effect of different

synaptic parameters such as number of releasable vesicles, input spike rate

and replenishment rate of the vesicles, is analyzed on information transmis-

sion. It is observed that release probability is predominantly affected by LTP,

however, presence of STD decreases the achievable average mutual informa-

tion over time. Furthermore, the synapses with higher number of releasable

vesicles are observed to become stronger with time.

• Chapter 9: In this chapter, we conclude the thesis while discussing the key

results of this work.
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Chapter 2

FUNDAMENTALS OF MOLECULAR INFORMATION

AND COMMUNICATION SCIENCE

2.1 Introduction

Information science is an interdisciplinary field that deals with collection, analysis,

storage, transmission, and dissemination of information, while the communication

theory is a subset of information science that deals with the principles and methods

of information transfer between two entities. This fundamental field has shaped the

current communication networks over decades. With the recent advancements in

nanotechnology, things are quickly moving from traditional communication archi-

tecture to micro and nano scales.

Although nanotechnology has enabled the realization of nano devices, they are

limited in processing power, storage etc. Thus, dense deployment of these devices

in the form of a network can overcome their limitations. However, these networks

require novel communication paradigm to cope with their nontraditional methods of

information exchange. Molecular communication, a ubiquitous natural phenomenon,

is considered as the one of the most promising method of communication for nanonet-

works.

Molecular communication is different from traditional communication paradigms

in various aspects such as the sizes of network entities, information transmission

mechanisms, noise sources and fundamental performance limits including transmis-

sion delay, achievable data rates, range and power. This calls for laying down the

foundation of the emerging field of molecular information and communication sci-

ence. Therefore, the aim of this work is to analyze the existing literature on intra-

body nanonetworks and molecular communication paradigms, to establish and in-
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Figure 2.1: Framework to formalize the science of molecular information and com-
munication.

troduce the fundamentals of molecular information and communication science and

propose future directions towards establishing the fundamental limits of these sci-

ences.

At the same time, this chapter emphasizes the significance of molecular infor-

mation and communication science in life sciences. This enables the development of

ICT-based models of disease affected intra-body nanonetworks which can be used

to get deeper insight into the disease and develop novel ICT-based diagnosis and

treatment techniques.

Fundamental steps to thoroughly investigate and formalize the science of molec-

ular information and communication are given in Fig. 2.1. In this work, we analyze

the literature for existing contributions in each of these steps to propose future di-

rections. Therefore, the rest of the chapter is organized as follows. In Section 2.2,

we present the state-of-the-art research and open challenges to model intra-body

nanonetworks to extract possible molecular communication paradigms. Then, in

Section 2.3, we define and evaluate different molecular communication paradigms

on the basis of ICT-based characteristics in the light of existing research. In Sec-

tion 2.4, we propose potential applications of ICT-based bio-inspired nanonetworks

in life sciences for diagnosis and treatment of diseases. Finally, we summarize the

main aspects of this chapter in Section 2.5.
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2.2 Intra-body Nanonetworks

In order to accomplish novel molecular communication paradigms for nanonetworks,

the existing molecular communication systems in nature should be studied. Hence,

we first review the previous work that proposes ICT-based models of the molecu-

lar communication in intra-body nanonetworks such as nervous, cardiovascular and

endocrine systems. Moreover, open issues in modeling and analyzing these nanonet-

works with respect to ICT-based parameters are highlighted.

2.2.1 Nervous Nanonetwork

Nervous nanonetwork is an ultra large-scale network of neurons gathering and trans-

mitting information between different parts of the body. The communication be-

tween neurons takes place through chemical as well as electrical signaling referred

to as neuro-spike communication [Balevi and Akan, 2013].

As depicted in Fig. 2.2(a), a general neural signaling pathway consists of three

basic structures; pre-synaptic neuron, post-synaptic neuron and a synaptic gap be-

tween the two neurons [Balevi and Akan, 2013]. The information encoded in elec-

trical impulses passes through the axon of a pre-synaptic neuron that conveys this

information by releasing neurotransmitters, special types of chemical substances,

into the synapse. These neurotransmitters are then received by the post-synaptic

neuron. The physical channel model of this single-input single-output (SISO) neuro-

spike communication is given in [Balevi and Akan, 2013]. The effect of inter-symbol

interference on the achievable information rate of the SISO channel is studied in [Liu

et al., 2014]. Since multiple pre-synaptic neurons are needed to transfer information

in reality, multiple-input single-output (MISO) communication paradigm is mod-

eled in [Malak and Akan, 2013a]. Moreover, SISO and MISO synaptic interference

channels are investigated in [Malak and Akan, 2013b].

Although complete neuro-spike communication channel is considered in [Balevi

and Akan, 2013] and [Malak and Akan, 2013a], there are other studies that analyze

subparts of this channel. For instance, a trade-off between information rate and
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Figure 2.2: Intra-body molecular communications (a) Neuro-spike communication,
(b) Gap-junction communication, The AP causes the connexon channels to open,
starting diffusion between the cells, (c) The endocrine nanonetwork [Malak and
Akan, 2012].

energy efficient transmission is examined within the axonal channel in [Goldberg

et al., 2003] and a realistic model for vesicle release, which involves the effects of AP

width variation is proposed in [Ramezani and Akan, 2015a]. Moreover, a receiver

design in nervous network considering the variability in the anatomy of dendrites

on post-synaptic neuron is given in [Cacciapuoti and Caleffi, 2015].

Neuro-spike communication has also been analyzed in the networked environ-

ment. An optimization problem for neuronal TDMA is formulated in [Suzuki et al.,

2014], in order to find optimum TDMA scheduling. A queueing model for nervous
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nanonetwork is also proposed in literature, which identifies the delay of the entire

network of neurons [Abbasi and Akan, 2015].

The nervous nanonetwork is an optimum information processing system with

respect to energy efficiency rather than the information capacity alone [Levy and

Baxter, 1996, Mlynarski, 2014]. The information collected from environment by

intra-body nanosensor networks is encoded, processed and transmitted by nervous

system to corresponding organs. Several studies have been published to estimate

these encoding mechanisms, such as, considering the discrete binary and frequency

coding scheme [Levy and Baxter, 1996],interspike interval codes [Crotty and Levy,

2005], and rate and interspike interval decoders [Goldberg and Andreou, 2004]. On

the other hand, in studies such as [Moujahid et al., 2011], stimulus response curves

are fitted to input-output relationship of neuron with respect to information the-

oretical parameters. However, more efforts are required to reach the efficiency of

neural encoding and decoding mechanism.

Moreover, information capacity of nervous nanonetwork needs to be quantified

in order to implement ICT-based solutions of critical diseases of nervous system.

A simple synaptic channel is proposed and analyzed from information theory per-

spective in [Manwani and Koch, 1998] to derive the lower bound on capacity. In

another work, the correlation among pre-synaptic terminals is suggested to improve

information rate [Malak and Akan, 2013a].

All of the existing ICT-based analysis of nervous nanonetwork use oversimplifying

assumptions, hence, more comprehensive studies and experimental work are needed

to understand ICT-based functionality of this network as listed bellow.

• Realistic models with experimental verification: More accurate ICT-

based models including effects of AP shape variation, reuptake phenomenon

in synapse modeling, and synaptic plasticity are required. Moreover, compre-

hensive experimental studies are needed to validate the models.

• Identifying fundamental characteristics of the model: After propos-

ing a comprehensive model, information theoretical studies are needed to ex-
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tract and quantify the fundamental characteristics.

• Networking paradigms: More comprehensive investigation of networking

parameters is required to extract efficient routing algorithms, addressing mech-

anisms and medium access techniques from nervous nanonetwork.

• Energy efficient coding: Extracting energy efficient encoding and decod-

ing techniques from these nanonetworks would be a milestone in building the

foundations of molecular information and communication science.

2.2.2 Cardiovascular Nanonetwork

Two most important types of cells within the heart are the cardiomyocytes and

the cardiac pacemaker cells [Severs, 2000]. Cardiac pacemaker cells are distributed

throughout the heart and are responsible to spontaneously generate and propagate

APs to cardiomyocytes, which, in turn, create the beating motion of the heart

[Severs, 2000]. Cellular bridges form porous gap-junctions (GJs) between the various

types of heart cells providing a medium for AP transfer [Jongsma and Wilders,

2000, Rohr, 2004]. Two cells connected in the GJ by means of channels called

connexons are shown in Fig. 2.2(b). Connexons remain closed in the rest state,

however, when an AP arrives, they open and yield an ion diffusion to occur towards

the receiver cell, thus causing the AP to be carried forward to the next cell. Generic

GJ communication is studied in [Kumar and Gilula, 1996] and [Nakano et al., 2007].

GJ channel is modeled from the information theoretical perspective by [Kilinc

and Akan, 2013a], where a probabilistic physical channel model is provided with

a probability mass function for GJ conductance considering the possibility of AP

propagation failure. A closed-form expression for channel capacity and correlation

between the decrease in capacity and several heart diseases is studied.

More studies are needed to provide foundations for an ICT-based model of car-

diovascular molecular nanonetwork. Some open directions are listed bellow.

• Experimental verification: Assumptions about the independence between
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calcium release units and membrane potentials require verification by experi-

mental studies that can shed light on the actual capacity of the cardiovascular

system, determining limits of capacity and rate functions for the healthy sys-

tem.

• Large-scale model: Physiological studies to find the range and reliability

of propagation as well as investigation of networking and routing mechanisms

of APs through the heart is needed to consider the contribution of individual

cells towards the whole organ.

2.2.3 Endocrine Nanonetwork

The endocrine system comprises a set of glands that secrete different hormones

through the circulatory system to their recipient cells [Tepperman et al., 1968].

Transmission of hormones depends on concentrations of various materials sensed in

tissues. The required amount of hormones are then added to the blood stream by

the endocrine system to maintain homeostasis in body [McGregor, 2005]. The prop-

agation of hormones depends on blood circulation as well as their Brownian motion

within the blood stream [Giné and Akyildiz, 2009]. Reception of the hormones is

selective because only the target cell can respond to a hormone.

Modeling of entire endocrine system from an ICT perspective is an open research

area with huge implications, however, very few studies are present in this field to

date. Hormones are considered as modulated molecular information carriers in the

model of endocrine nanonetwork in [Malak and Akan, 2012]. The suggested frame-

work is shown in Fig. 2.2(c), where various stimuli cause the Hypothalamus to signal

the release of hormones to blood. A similar system is proposed in [Giné and Aky-

ildiz, 2009]. A queueing theory-based insulin mediated GLUT 4 translocation model

is present in [Jezewski et al., 2014]. Bidirectional communication between neuroen-

docrine and immune systems is discussed in [Weigent et al., 1990] and [Blalock,

1994]. In [Sperandio et al., 2003], bacteria-to-host communication via hormones is

shown. Communication by means of milk borne hormones between the mother and
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the suckling is proposed in [Koldovskỳ et al., 1994].

Further studies are needed to explore the modeling of endocrine nanonetwork in

the following directions:

• ICT-based parameters: Key ICT-based parameters such as channel capac-

ity, end-to-end delay, feedback weights, noise sources, synchronization, net-

working of subsystems are yet to be modeled for endocrine nanonetwork.

• Intra and inter-body networks: Potential of the endocrine nanonetwork

as a connection between separate intra or inter-body networks also needs to

be explored.

2.3 Science of Molecular information and Communication

Nanonetworks are being proposed to utilize different communication paradigms,

however, molecular communication is found to be the most suitable method due to

its compatibility with both biological and non-biological systems. Molecular commu-

nication paradigm is significantly different from traditional communication systems

as it uses particles to carry information instead of electromagnetic carriers. There-

fore, the ICT-based parameters of molecular communication paradigm are affected

by physical and chemical properties of network entities such as diffusion coefficient

of the channel, structure and type of molecules used as information carriers. Hence,

the classical information science does not suffice to define the fundamentals of molec-

ular communication. Thus, in this section, we outline the framework to establish

the fundamental limits of molecular communication and information science. More-

over, we review the recent literature on different propagation mechanisms with the

objective of their performance evaluation on the basis of ICT-based characteris-

tics. Furthermore, future work is proposed for better performance analysis of each

molecular communication technique.
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Figure 2.3: Molecular communication paradigms. (a) Diffusion-based molecular
communication (b) Wired active molecular communication using a microtubule.
(c) Bacteria-based wireless molecular communication. (d) Catalytic nanorods in
hydrogen peroxide solution without and with applying a magnetic field applied (A)
and (B), respectively.

2.3.1 Diffusion-based Molecular Communication

Most of the communication inside human body is achieved by diffusion of molecules,

for example, calcium signaling among living cells, synaptic communication in neu-

rons through neurotransmitters, and intra-cellular communication between different

cell organelles. A general physical model of diffusion-based molecular communica-

tion is depicted in Fig. 2.3(a). Diffusion-based molecular communication is con-

sidered as the most promising paradigm for the applications of nanoscale networks

inside human body. It can be categorized into analog and digital communication

similar to conventional communication networks [Meng et al., 2014]. A fundamental

analog communication model is proposed in [Pierobon and Akyildiz, 2010], where

information is encoded by continuously emitting molecules with varying concentra-

tion. In digital diffusion-based communication, information is encoded into either

types of molecules [Kuran et al., 2011], time of release of molecules [Kadloor et al.,

2012] or the intensity of concentration of molecules [Mahfuz et al., 2010].

To develop a communication network, it is necessary to develop a physical model

and analyze its ICT-based parameters aiming to achieve reliable and efficient com-

munication. We can find various models of diffusion-based molecular communication

in the literature. One such model is proposed in [Meng et al., 2014]. Another model,

where particles are released into fluid medium with drift is studied and analyzed

in [Kadloor et al., 2012].
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One of the most important issues in developing diffusion-based molecular com-

munication is residual molecules from previous transmission which are considered

as noise and various approaches are suggested to maximize the rate of information

by reducing this noise in [Moore et al., 2009]. Moreover, the information capacity

of the channel with residual molecules is studied in [Pierobon and Akyildiz, 2013]

by modeling it as channel with memory. Other external noise sources and ISI are

modeled in [Noel et al., 2014].

Different digital modulation techniques for diffusion-based molecular communi-

cation are proposed in [Kuran et al., 2011]. Some of them are compared with respect

to their susceptibility to interference in [Kuran et al., 2012]. Some receiver designs

are presented in [Meng et al., 2014,ShahMohammadian et al., 2012], and [Kilinc and

Akan, 2013b].

Although a significant body of research exists on diffusion-based molecular com-

munication, much work remains to understand this unconventional communication

paradigm as follows.

• Shadowing effect: Existing models should consider more complex situations

such as inter and intracellular environment, where shadowing effect needs to

be addressed as it can become dominant due to the presence of obstacles.

• Effects of asynchronism: More realistic assumptions should be consid-

ered about the structure and function of transmitter and receiver and effects

of asynchronization between them, as asynchronism causes large delays and

reduces the information transmission rate.

• Amplification: A concept of amplifier nanomachine should also be intro-

duced to cater the problem of attenuation in concentration of molecules due

to diffusion.

2.3.2 Wired Active Molecular Communication

Wired active molecular communication between a transmitter and a receiver nanoma-

chine is illustrated in Fig. 2.3(b). Information molecules in this communication
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paradigm move along preset paths of microtubules to deliver information from the

transmitter to the receiver [Moritani et al., 2006]. The flow of information can

be self-propelled by molecular nanomotors as in Fig. 2.3(b) or based on the flow

generated by another system such as a blood circulatory system. Based on the

assumptions of independence between particles, a simple mathematical model for

analyzing information rate is derived in [Farsad et al., 2011]. A Markov channel

model with a mathematical formula for calculating transition probability matrix

of the model is proposed in [Farsad et al., 2014]. Design and optimization of the

shape of a rectangular channel in [Farsad et al., 2012] shows that channel capacity is

proportional to the perimeter. A secure wired active channel is proposed in [Mori-

tani et al., 2007], where information molecules are encapsulated inside vesicles while

transporting the information. Various approaches for self-organizing microtubule

networks such as polymerization/depolymerization and molecular motors are inves-

tigated in [Enomoto et al., 2011]. Some directions for further studies are mentioned

below:

• Particle interactions: Interactions between various particles traveling to-

gether in a microtubule and their effects on the overall ICT-based models need

to be identified.

• Channel characteristics: Effect of channel characteristics such as width,

shape and length on the model require further investigation.

2.3.3 Wireless Active Molecular Communication

Bacteria-based Wireless Active Molecular Communication

A typical system of wireless active molecular communication paradigm based on

bacteria is shown in Fig. 2.3(c). In this type of communication, first, a bacteria that

only responds to a set of specific attractants is chosen as a communication vessel.

A DNA-based message is then introduced in the cytoplasm of the bacteria and it is

released in the environment. The bacteria propels itself towards the receiver using its

flagellum in response to the release of attractant particles by the receiver as shown in
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Fig. 2.3(c) [Gregori and Akyildiz, 2010]. Communication range, channel capacity,

throughput and end-to-end delay analysis is done in [Cobo and Akyildiz, 2010]

shows that bacteria-based communication has huge potential. A physical channel

characterization and simulation tool are provided in [Gregori et al., 2011]. Multi-hop

communication based on conjugation and the use of antibiotics as message filters

is proposed in [Balasubramaniam and Lio, 2013]. Wet lab validations for bacterial

conjugation for multi-hop communication are further provided in [Balasubramaniam

et al., 2014]. The problem of attractant scheduling for multiple transmitter-receiver

pairs in close proximity is analyzed in [Gao et al., 2011]. A simulation tool for

bacteria-based communication, BNSim, is introduced in [Wei et al., 2013].

Catalytic Nanomotor Based Wireless Active Molecular Communication

Catalytic nanomotors are usually platinum or gold nanorod particles that are able

to propel themselves and small information containing objects, by catalyzing the

free chemical energy present in the environment [Gregori and Akyildiz, 2010] as

shown in Fig. 2.3(d). Without a controlling magnetic field, the nanorods move in

arbitrary directions, however, once under the influence of a magnetic field, they can

be forced to travel in specific directions. The speed of these particles depends on

their dimensions as well as the atmospheric conditions [Paxton et al., 2004]. Physical

channel characterization and parameters such as packet delay and loss probability

are presented in [Gregori et al., 2010]. Methods for controlling catalytic nanomotor

direction are presented in [Kline et al., 2005].

Open directions for future investigation of wireless active molecular communica-

tion include the following:

• Bacteria-type independent modeling: A definitive general model that

can apply to a variety of bacteria-based communication scenarios as opposed

to existing models for specific scenarios is required.

• Medium sharing: Scheduling and channel sharing in a multiple bacteria

environment needs to be investigated.
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• Information encoding: Methods for encoding information into DNA also

are an open research direction.

• ICT-based parameters: Research on source coding techniques, channel

capacity as well as networking capabilities of the systems will help improve

the current models of wireless active transport.

• Bio-compatibility: Further research is required in the bio-compatibility of

catalytic nanomotors.

2.3.4 Physical Contact-based Molecular Communication

Nanocommunication via gap-junctions and synapses are two possible kinds of molec-

ular communication via physical contact. In [Guney et al., 2012], a collision-based

mobile ad hoc molecular nanonetwork (MAMNET) is proposed, which uses neuro-

spike communication for transmitting information between two nanomachines. It

is shown that the size and speed of nanomachines have a direct relation with the

average throughput and a reverse relation with the average message delivery de-

lay. Neurons are used as molecular communication medium in [Balasubramaniam

et al., 2011]. A microplatform is designed in [Nakano et al., 2008], which is able

to pattern the mammalian cells into a predefined network connecting them trough

gap-junctions. These preliminary studies are samples of achieving the bio-inspired

molecular communication networks.

The open challenges in modeling bio-inspired physical contact-based molecular

communication paradigms coincide with the challenges in modeling of neuro-spike

communication and GJ as stated in Section II.

2.3.5 FRET-based Molecular Communication

One particular example of molecular devices is the class of fluorophores, e.g., flu-

orescent proteins, which can be excited by optical and chemical stimuli, and relax

to ground-state by releasing photons at visible wavelengths [Lakowicz, 2013]. An

excited-state fluorophore non-radiatively transfers its electronic energy state to a
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nearby ground-state fluorophore, if their optical spectra overlap. This nanoscale

phenomenon is defined as the Förster resonance energy transfer (FRET). As pro-

posed in [Kuscu and Akan, 2012], FRET can be exploited as a wireless molecular

communication method between functional fluorophores if the information is en-

coded into their electronic states. It is shown to enable reliable information trans-

fer at exceptionally high rates, on the order of Mbps. A model for FRET-based

MAMNET is provided in [Kuscu and Akan, 2014] consisting of sensor and actor

fluorophores, which are promising for cancer diagnosis and treatment with single

molecule precision.

Although FRET is extensively studied from communication theoretical perspec-

tive, some new directions for further studies are provided below:

• Comprehensive analytical models: Literature mostly consists of numer-

ical simulation results and lacks comprehensive analytical models that can

fully capture the underlying quantum-mechanical processes and provide the

fundamental limits such as channel capacity.

• Validation: Experimental work is currently conducted with ensemble of

molecules, and thus, the validation of FRET-based communication between

a single-pair of fluorophores is still an open issue.

2.3.6 Fundamental Limits of Molecular Information Science

Fundamental limits of information theory are imposed by nature in order to provide

answers to the following questions:

• Minimum number of bits necessary to represent an information signal

• Maximum transmission rate to achieve a reliable communication over a noisy

channel

These fundamental limits are established for conventional communication networks

through meticulous research that sprang from the classical paper of Shannon on
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Table 2.1: The categorization of evaluation parameters.

Infrastructure and Physical Characteristics

Biocompatibility, Molecular dynamics, Molecular physics,

Electrical properties, Type of medium, Size of network nodes, Duplexing,

Packet type/size, Complexity, Information sources, Noise sources,

Modulation types, Feasibility, Power consumption, Synchronization,

Security, Type of network nodes

Communication Performance Characteristics

Molecules per bit, Energy per bit, Range, Capacity, Transmission rate,

Signal attenuation, Security measures, Reliability, Error rate, Delay

Networking Functionalities

Routing, Medium sharing, Addressing, Broadcast, Medium access,

Macro-nano interface

Table 2.2: Qualitative and comparative evaluation of different molecular communi-
cation paradigms.

Diffusion-

based

MC

Microtubule-

based MC

Bacteria-

based

MC

Catalytic

Nanomotor-

based MC

Physical

Contact-

based

MC

FRET-

based

MC

Carrier Molecules Molecules Bacteria Nanorods Molecules Proteins

Duplexing Half-duplex Half-duplex Half-duplex Half-duplex Half-duplex Half-duplex

Biocompatible Yes Yes Yes No Yes Yes

Broadcast Yes No Yes No No Yes

Routing No No Yes Yes No No

Medium Sharing Yes Yes Yes No No No

information theory [Shannon, 1948]. Since molecular communication deals with

the particles instead of waves, these fundamental limits need to be re-established

after taking into account certain physical and chemical characteristics of information

carrier as well as transmission medium that are enlisted as follows.

• Size, type, structure and diffusibility of molecules

• Viscosity, heat capacity, thermal conductivity and electrical conductivity of

medium
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• Degree of chemical affinity among network entities

Analysis of the effects of these properties on ICT-based characteristics of molecular

communication channels, which are listed below, helps reveal the fundamental limits

of molecular communication paradigm.

• Minimum Molecules per bit: This fundamental limit can be affected by

viscosity of the medium that affects the diffusion of molecules through the

channel as well as binding rate of information carriers with the receiver. More-

over, clearance rate is another limiting factor that prevents ISI by controlling

the concentration of residual molecules in the channel.

• Minimum Energy per bit: Energy per bit is limited by distance between

sender and receiver, chemical affinity among network entities as well as elec-

trical properties of the medium and information carriers. Moreover, sending

more molecules increases the lower bound of this limit, hence, factors governing

limits of number of molecules per bit are also important here.

• Channel capacity: All the physical and chemical properties of the molecular

medium and receiver affect maximum achievable information rate. Moreover,

presence of multiple path, for instance, in diffusion-based molecular commu-

nication, will also improve the information capacity of the channel.

• Bit error rate: There are certain phenomenon that causes error in molecular

communication such as wandering of molecules away from the receiver, chan-

nel delay caused by multiple factors and noise due the presence of molecules

released by other sources. Moreover, malfunctioning of the receiver, which can

be a result of reaction of residual molecules with the receptors rendering them

deactivated, can prevent binding of information carries causing transmission

failure.

After defining these limits, optimum source and channel coding techniques are

needed to be designed utilizing different ways of encoding information such as type,
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concentration and release time of molecules.

2.3.7 Performance Evaluation of Molecular Communication Paradigms

Although focus of this study is mostly on biological applications of the molecular

communication architectures described in this section, they also find wide range

of applications in non-biological systems [Akyildiz et al., 2008] such as military,

Industrial, and environmental applications.

To select the most suitable architecture for a particular application, biological/non-

biological, the molecular communication architectures described here, should be

evaluated based on the physical and information theoretical characteristics as cat-

egorized in Table 2.1. Based on the review of previous work on different molecular

communication paradigms, we conclude that there are many open issues in each

of these paradigms that remain to be investigated in order to quantify different

ICT-based parameters that will, in turn, enable us to quantitatively evaluate these

techniques. However, based on the existing literature, a fundamental qualitative

evaluation using some basic physical characteristics and networking parameters of

various molecular communication paradigms is given in Table 2.2.

2.4 Science of Molecular Information and Communication for Life Sci-

ences

Understanding the fundamentals of molecular nanonetworks finds its major appli-

cations in life science. These bio-inspired nanonetworks are expected to pave the

Figure 2.4: Framework for developing ICT-based diagnosis and treatment tech-
niques.
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way for novel and effective ICT-based diagnosis and treatment techniques for dif-

ferent diseases related to the natural intra-body nanonetworks. In this section, we

emphasize the importance of science of molecular communication and information

in developing these ICT-based diagnosis and treatment techniques.

2.4.1 ICT-based Understanding of Intra-body Molecular Communication diseases

A framework for developing ICT-based diagnosis and treatment techniques for intra-

body molecular communication diseases is outlined in Fig. 2.4. Based on this

framework and current research literature on molecular communication and intra-

body nanonetworks, we propose several fundamental approaches to realize these

ICT-based techniques.

• Revealing the ICT-based characteristics of the disease-affected intra-body nanonet-

works : By detecting the fundamental differences between the ICT-based char-

acteristics of healthy and disease-affected networks and their entities, ICT-

based metrics may be explored to diagnose diseases. These studies may also

enable the development of new treatment techniques inspired by the existing

or upcoming theories and tools in the information science.

• Developing biocompatible nanomachines : These nanomachines can be used to

monitor a certain mechanism inside the body, deliver drug to a specific part

of the body or connect to intra-body nanonetwork and act as a part of that

network to fix the effects of different diseases.

• Cancer detection: Not all of the existing intra-body molecular communications

are in accordance with our health. For instance, the cancer cells that grow out

of control and can spread to other parts of body need to communicate with

and receive support from cells named stromal cells [Leef and Thomas, 2013].

If one can isolate the malignant cells from stromal cell, they would not grow

anymore. Hence, understanding the mechanisms of these molecular communi-

cations provides a unique opportunity to use communication theoretical tools

to interrupt these kind of communications and stop the spread of cancer.
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In the following parts, we propose potential of utilizing of aforementioned ICT-

based approaches in different intra-body molecular communication diseases.

Nervous System Diseases

Nervous system may face a wide variety of diseases as a result of dysfunction of single

neuron or their network. Here, we relate some of the diseases of nervous system to

ICT-based parameters of nervous nanonetworks.

• Alzheimer’s disease, which degrades the capacity of the brain to encode and

retrieve memories, is a result of dysfunction and loss of synaptic communica-

tion [Sheng et al., 2012].

• Multiple sclerosis (MS), which decreases the information transmission rate, is

resulted from destruction of myelin over axon of neurons [Steinman, 1996].

• Parkinson’s disease results from the death of dopamine producing neurons,

which control the release of vesicle, an information carrier, in another set of

neurons [Harnois and Di Paolo, 1990].

• Amyotrophic lateral sclerosis (ALS), progressive bulbar palsy, and primary lat-

eral sclerosis are common motor neuron diseases that result from degeneration

or death of the upper and/or the lower motor neurons. These diseases cause

communication link failure in nervous nanonetwork, which affects the ability

of the brain to control essential muscle activity such as walking, speaking,

swallowing, and breathing [Filippi and Agosta, 2015].

Moreover, the ICT-based models of nervous nanonetworks can be used in building

neural implants which can connect to the neural pathway in case of communication

failure between brain and a certain part of the body. For instance, currently re-

searchers are able to control the movements of legs of a completely paralyzed rat,

by externally stimulating the spinal cord [Wenger et al., 2014]. ICT-based under-

standing of nervous nanonetwork can enable us to receive and encode the signals

from motor cortex to stimulate the spinal cord in the aforementioned scenario.
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Another important application is detecting the diseases related to blood brain

barrier (BBB), which involves one of the most important and complex intra-body

molecular communication channels and tightly protects the entry and exit of molecules

to and from the central nervous system (CNS) [Rosenberg, 2012]. The dysfunction

of the BBB causes critical cellular damages that may lead to different types of neu-

ral diseases. Moreover, existence of these BBB prevents the entrance of drugs to

the CNS, which makes the treatment of neural diseases difficult. Hence, in addition

to providing diagnosis and treatment techniques for the resulted diseases from dys-

function of BBB, understanding the ICT-based fundamentals of these channels may

help to develop effective drug delivery mechanisms for the treatment of diseases in

CNS.

Cardiovascular System Diseases

Cardiac arrhythmia forms one of the most prevalent group of heart conditions that

cause irregular heartbeat patterns in patients [Jongsma and Wilders, 2000]. The

detection of this whole set of diseases is based on standard electrocardiographic

techniques that are manually operated by a practitioner, and thus, prone to hu-

man error [Opie, 2004]. Therefore, modeling of these diseases may find ICT-based

identification and treatment of these conditions.

Endocrine System Diseases

To date, the literature for endocrine system is still in its infancy. Several studies on

biochemical processes of different hormones exist in literature, however, the largest

body of literature exists on the insulin signaling within the body. Several mathe-

matical models for insulin-sugar cycle are presented in [Unger and Betz, 1998]. Meal

simulation model of insulin-sugar cycle and the prevalent intercellular communica-

tion is discussed in [Man et al., 2007,Gerozissis, 2004]. Insulin communication within

the pancreatic islets is further explored by [Bavamian et al., 2007]. GJ communi-

cation for insulin release within pancreatic islets is presented in [Benninger et al.,

2011]. In a recent work, a novel method of insulin mediated GLUT 4 translocation
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is provided based on queueing theory [Jezewski et al., 2014]. The method provides

a unique perspective of the disease and the simulation results are comparable to

existing experimental data.

2.4.2 Macro-Nano Scale Molecular Communication

Connecting the nano-devices to internet, termed as internet of nano-things (IoNT)

[Akyildiz and Jornet, 2010], would show new horizons of applications. Along with

other major applications, IoNT would play a vital role in healthcare by connecting

nanonetworks of bio-sensors and actuators operating inside or near human body,

which is called BAN [Seyedi et al., 2013], to healthcare provider for remotely moni-

toring patients’ health through internet and administering drugs to patients requir-

ing frequent or periodic dosages.

In the remaining part of this section, we briefly overview how molecular com-

munication based BANs can be used for management of various medical conditions

and applications.

Cardiovascular Disease Monitoring

Nanosensors may be used to measure and report critical parameters for cardiovas-

cular diseases such as heart rate and report them to a hub. These readings may

then be communicated to actuate automatic drug delivery or request further medical

assistance.

Artificial Vision and Artificial Hearing

Artificial vision and hearing by means of stimulation of related brain regions with

electrical signals is already a reality [Dobelle, 2000,Eddington et al., 1977]. Further

researches in these directions may contribute towards the development of artificial

organs.



Chapter 2: Fundamentals of Molecular Information and Communication Science 31

Hormonal Therapy Management

Hormonal therapies find a variety of applications such as cancer treatment [Locker,

1998] and hormone replacement therapies in sex change [Murad et al., 2010]. By

making use of BANs to provide the precise amounts of hormones required by the

body, the treatments can become effective, speedy and the considerable side effects

of hormone therapy [Dennerstein et al., 1978, Collaborators et al., 2003] may be

reduced as well.

Drug Delivery

Targeted drug delivery is the process that aims to deliver medicine to the targeted

region in human body saving other areas of the body from its side-effects. In the

existing literature, two different approaches for drug delivery are being investigated;

• Encapsulating drug molecules in active bio-nanomachines that are capable

of releasing them after reaching their target [Nakano et al., 2012a, Nakano

et al., 2014,Chude-Okonkwo et al., 2014]. These machines can be realized by

reengineering natural cells [Yoo et al., 2011] or synthetic nano-devices.

• Passive propagation of micro or nano particles of drug, called particulates, in

blood stream to reach their target area [Chahibi et al., 2015, Chahibi et al.,

2013]. It is proposed to overcome the limitations of pharmacokinetics-based

methods of targeted drug delivery [Willmann et al., 2007].

2.5 Conclusion

This study introduced an entirely novel perception of molecular communication

paradigms to lay down the foundations of science of molecular information and

communication. Human body is an epitome of molecular signaling that is being

investigated to design and optimize nanonetworks. Therefore, we seized this op-

portunity to analyze recent literature on intra-body nanonetworks and molecular

communication and present open issues that need to be addressed in order to define
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and extract the fundamentals of molecular information and communication science.

Based on this investigation we proposed a framework to unveil fundamental limits

of molecular information science by relating ICT-based characteristics of molecular

communication channel to its physical and chemical properties. Finally, we high-

lighted the significance of molecular information and communication science in life

sciences focusing on its applications in developing ICT-based diagnosis and treat-

ment techniques for the diseases caused by malfunction of intra-body nanonetworks.
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Chapter 3

DIFFUSION-BASED MODEL FOR SYNAPTIC

MOLECULAR COMMUNICATION CHANNEL

3.1 Introduction

Computational methods have been extensively used to understand underlying dy-

namics of molecular communication methods employed by nature. One very effective

and popular approach is to utilize a Monte Carlo simulation. Although it is very

reliable, this method can have a very high computational cost, which in some cases

renders the simulation impractical. Therefore, in [Khan et al., 2017], we presented

a novel mathematical model for the diffusion and binding of neurotransmitters that

takes into account the effects of synaptic geometry in three-dimensional space and

re-absorption of neurotransmitters by the transmitting neuron. Based on this model

we developed a fast deterministic algorithm, which calculates expected value of the

output of this channel, namely the amplitude of EPSP (Excitatory Postsynaptic

Potential), for given synaptic parameters. We validated our algorithm by a Monte

Carlo simulation, which showed total agreement between the results of two methods.

Finally, we used our model to quantify effects of variation in synaptic parameters

such as position of release site, receptor density, size of postsynaptic density (PSD),

diffusion coefficient, uptake probability and number of neurotransmitters in a vesi-

cle, on maximum number of bound receptors that directly affect peak amplitude of

EPSP.

There are number of models available for neuronal communication encompass-

ing its biological functionality at various levels of complexity. Integrate-and-fire

model [Dayan and Abbott, 2003] is the simplest spiking model that ignores bio-

physical mechanisms involved in generating spikes. On the other hand, Hodgkin-
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Huxley model [Hodgkin and Huxley, 1952] includes channel conductances, responsi-

ble for triggering AP. While addressing the transmission of electrochemical impulses

within neuron, these models do not consider biophysical mechanisms involved in

inter-neuronal communication such as vesicle release, diffusion of neurotransmitters,

receptor-ligand binding and re-uptake of neurotransmitters. In [Balevi and Akan,

2013] and [Veletić et al., 2016a], physical channel models for neuro-spike commu-

nication are proposed that encompasses all of these mechanisms to some extent.

The information theoretical analysis of synaptic channel model with trial-to-trial

variability in EPSP is given in [Malak and Akan, 2013a] and [Manwani and Koch,

2001].

All the given models are only close approximations of synaptic channel since

capturing complex dynamics of neural signaling into a single model is quite chal-

lenging. Therefore, addressing this problem in modular fashion is a feasible solution.

Thus, our focus is to model diffusion of neurotransmitters in synaptic cleft and their

binding with postsynaptic receptors including the effects of their reflection from pre-

and postsynaptic terminals of synaptic channel.

The existing models of synaptic channel deal with diffusion of neurotransmitters

unrealistically without taking into account all geometrical and statistical determi-

nants. In [Balevi and Akan, 2013], authors consider diffusion of neurotransmitters in

one-dimension, however, authors of [Veletić et al., 2016a] consider three-dimensional

diffusion model without taking into account their reflections from pre- and postsy-

naptic terminals. In [Malak and Akan, 2013a] and [Manwani and Koch, 2001], the

effect of diffusion is combined with other factors into a single parameter that mod-

els trial-to-trial variability in EPSP. In [Agmon and Edelstein, 1997,Ventriglia and

Di Maio, 2000,Franks et al., 2002], extensive simulation algorithms are used to de-

termine the position of neurotransmitters within the cleft by drawing trajectories

of their motion, however, these models are expensive in terms of time and energy.

Therefore, a realistic mathematical model for diffusion and binding of neurotrans-

mitters was required to analyze the effects of different statistical and geometrical

parameters on synaptic communication at molecular level.
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Figure 3.1: Geometry of a synaptic channel.

Thus, for a synapse in hippocampal region of brain, we proposed novel mathe-

matical formulation that realistically models diffusion of neurotransmitters and their

binding with postsynaptic receptors, incorporating the effects of synaptic geometry

in three-dimensional space. Furthermore, we incorporate the effects of pre-synaptic

re-uptake of neurotransmitters in our model and validate it through extensive Monte

Carlo simulation and existing experimental work. We consider a Single-Input-Single-

Output (SISO) synaptic channel as shown in Fig. 3.1 and, analyze the effects of vari-

ation in different synaptic components, namely, vesicle release site, receptor density,

PSD size, number of neurotransmitters per vesicle, diffusion coefficient of glutamate

and re-uptake probability, on EPSP. Consequently, major sources of trial-to-trial

variability [Franks et al., 2003] in single postsynaptic response are discussed. Even-

tually, this analysis will lead us to understand the mechanism of synaptic plasticity.

Finally, we analyzed our model of synaptic communication channel by determining

error probability in received signal using optimum receiver.

The rest of this chapter is organized as follows. In Section 3.2, we give details

of physiological assumptions and Monte Carlo simulation, and formulate a mathe-

matical model for diffusion of neurotransmitters and their binding with postsynaptic

receptors. Communication theoretical analysis of derived model is performed in Sec-

tion 3.3. The results are discussed in Section 3.4. Finally, we conclude this chapter

in Section 3.5.
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Figure 3.2: Block diagram of a synaptic channel.

3.2 SISO Synaptic Communication Channel Model

In this section, we propose our model for information transfer across synaptic chan-

nel, as shown in Fig. 2. We first describe physiological structure of our channel and

make certain realistic assumptions to simplify our analysis. Then, we give math-

ematical description of molecular processes involved, namely diffusion and ligand-

receptor binding, to establish an expected input-output relation for synaptic com-

munication channel. The derived relation forms the basis for a deterministic code,

which calculates expected behavior of output of the channel. Later, we briefly

present the algorithm of a Monte Carlo simulation that corresponds to mathemati-

cal description of the channel previously developed. Both of these descriptions carry

out the discussion up to receptor binding process. Afterwards, we give a brief dis-

cussion on the time-step, which, as an intrinsic property of the model, is related to

the reaction rate constant of ligand-receptor pair. This discussion is an integral part

of the descriptions of both the deterministic code and the simulation, as it relates

experimentally determined parameter, namely the reaction rate constant, to simu-

lation parameters. Finally, we describe EPSP generation following a given profile of

ligand-receptor binding.
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Figure 3.3: Diffusion of neurotransmitters in synaptic cleft

3.2.1 Physiological Assumptions

We model synaptic cleft as a rectangular box with height H, where top and bottom

planes correspond to the pre-synaptic and postsynaptic membranes, respectively,

both extending to infinity as in Fig. 1. This assumption does not affect the results

since vesicles on pre-synaptic terminal and receptors on PSD are restricted to the

limited region on both planes. Moreover, we assume that the movements of neuro-

transmitters are independent of each other. These assumptions allow us to derive

exact analytical solution of diffusion process in the cleft under no-flux boundary

conditions, i.e., when there is no neurotransmitter flow across both pre- and postsy-

naptic membranes. Furthermore, the diffusion model with pre-synaptic re-uptake is

derived from the former model, i.e., with no-flux boundary conditions, via heuristic

arguments.

After vesicle release, diffusion carries neurotransmitters from pre-synaptic end of

the cleft to postsynaptic end containing PSD that consists of receptors waiting to

capture incoming neurotransmitters to form a ligand-receptor complex. We assume

that the receptors are uniformly distributed on PSD, a square-shaped region on the

postsynaptic membrane with side length Lp. PSD has two major kinds of receptors,

i.e., AMPA (α-Amino-3-hydroxy-5-methyl-4-isoxazolepropionic acid) and NMDA

(N-methyl-D-aspartate) receptors. We suppose that we have only AMPA receptors

on PSD since they mediate fast synaptic transmission and contribute in the fast
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rise in EPSP. NMDA receptors contribute in synaptic plasticity, which is out of the

scope of this work.

3.2.2 Mathematical Formulation

Vesicle Release

Vesicles are groups of neurotransmitters enclosed in a thin membrane, which are

located right behind the pre-synaptic membrane of the transmitting neuron. Upon

the arrival of the AP, depending on the shape of the signal, a number of these

vesicles fuse with the pre-synaptic membrane to create a tunnel, through which the

transmitters in the vesicles diffuse into the cleft. The region on the pre-synaptic

membrane, where this fusion occurs is referred to as the Active Zone (AZ). Since

we are considering a central synapse where synaptic boutons contain only one or a

few active release zones [Manwani and Koch, 2001,Stevens and Wang, 1995], we can

simplify our model by considering that only one vesicle is released in response to an

AP.

The arrival of AP at pre-synaptic terminal is a random process owing to the

axonal noise. Thus, the channel input m(t) is modeled as an impulse train where

probability of receiving an impulse is P (m = 1) = p. Impulse allows calcium

influx into the cell, which triggers vesicle release with probability Pr. The value of

Pr depends on the available vesicle pool size and the feedback from postsynaptic

terminal signifying receptor saturation [Malak and Akan, 2013a]. As shown in Fig.

2, vesicle release is represented as a Z-channel, where 1 − Pr is probability of no

release even if AP arrives at pre-synaptic terminal.

Once vesicle release starts, it takes very short time for all of the transmitters to

enter the cleft, as compared to the total duration of diffusion process in the cleft.

Thus, we assume that the contents of the vesicle are released instantaneously and

the output of this channel is represented as,

x(t) = N0δ(t), (3.1)
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where N0 is a constant and represents the number of neurotransmitters in one vesicle

and Dirac delta represents instantaneous release of the vesicle.

Diffusion

Neurotransmitters diffuse into the cleft with a random Brownian motion. The re-

sulting neurotransmitter concentration C(x, y, z, t) is random, and its expected value

can be well approximated by Fick’s equation:

∂C(x, y, z, t)

∂t
= D∇2C(x, y, z, t) (3.2)

where D is diffusion coefficient, t ≥ 0 and (x, y, z) ∈ R
2 × [0, H]. (3.2) is supple-

mented with initial distribution provided from the vesicle release module. Assuming

that the release occurs at the origin of our xy-plane, due to (3.1) we have

C(x, y, z, 0) = N0δ(x, y, z −H). (3.3)

As for boundary conditions, we first assume that there is no flux of transmit-

ters through pre- and postsynaptic membranes, which corresponds to the Neuman

boundary conditions, i.e.,

∂

∂z
C(x, y, 0, t) =

∂

∂z
C(x, y,H, t) = 0. (3.4)

Upon integrating (3.2) over the cleft , one finds that with these boundary condi-

tions, integral of concentration remains constant throughout time, i.e., the expected

number of transmitters in the cleft do not change with time.

To find the solution of Fick’s equation with initial data as in (3.3) under the

boundary conditions given by (3.4), we may use symmetry of both the equation

and the domain together with the fundamental solution of Fick’s equation [Cussler,

2009], cδ(x, y, z, t), in the whole domain R
3 given by
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cδ(x, y, z, t) =
N0

(
√
4πDt)3

e
(−x2−y2−z2)

4Dt .

If there were no boundaries, then solution of (3.2) with the initial distribution

given in (3.3) would be cδ(x, y, z − H, t). The no-flux boundary conditions (3.4)

intuitively imply that instead of diffusing freely across boundary, transmitters are

reflected back into the cleft. The extra transmitters that will stay in cleft because

of this reflection can be accounted for by reflecting the initial distribution across

boundaries as in Fig. 3. Then, the distribution of transmitters at any given time is

represented by free diffusion with initial distribution taken as sum of all reflections

plus original source. As Fick’s equation is linear, the corresponding solution will be

C(x,y, z, t) = 2N0

∞∑

k=−∞

cδ

(
x, y, z − (2k + 1)H

)

=
N0

(
√
4πDt)3

e
(−x2−y2)

4Dt

{
2

∞∑

k=−∞

e
−(z−(2k+1)H)2

4Dt

} (3.5)

Observe that the coefficient 2 in (3.5) is due to the fact that the source sits right

at pre-synaptic boundary, which causes the first reflection from the pre-synaptic

side to coincide with the original source. By the symmetries of the equation and the

domain, one can easily verify that this solution, restricted to the domain at hand,

in fact solves Fick’s equation and validates both the initial conditions (3.3) and the

boundary conditions (3.4).

To model expected concentration of transmitters in presence of pre-synaptic re-

uptake, we follow same arguments as in no-flux case with sole difference that we

modify reflection coefficient of pre-synaptic boundary (z = H) according to the

uptake probability, denoted by Pu in units uptake per hit. This means if Pu = 0,

no transmitter that reaches the pre-synaptic membrane is absorbed, while Pu = 1

means that all particles that reach pre-synaptic terminal in the course of time, are

absorbed. After making the corresponding modification to include Pu in (3.5), the

new solution is obtained as
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Cu(R, t) =
N0

(
√
4πDt)3

e
(−x2−y2)

4Dt

{ −1∑

k=−∞

(2− Pu)(1− Pu)
−(k+1)e

−(z−(2k+1)H)2

4Dt

+
∞∑

k=0

(2− Pu)(1− Pu)
ke

−(z−(2k+1)H)2

4Dt

}
.

(3.6)

Ligand-Receptor Binding

The transmitters, that reach postsynaptic membrane, either get reflected from mem-

brane, or they bind to the receptors in PSD to form a ligand-receptor complex. This

binding process is modeled by assuming that AMPA receptors regularly sample a

small effective volume Ve around them. The receptors are assumed to have only

two configurations, i.e., bound state and unbound state. If a receptor is in unbound

state and samples at least one transmitter in its Ve, then it binds to this transmitter.

Glutamate-receptor binding is a reversible process. Glutamate molecules dis-

sociate from receptors and may rebind several times. The effects of rebinding can

be observed from the prolonged decaying phase of EPSP, however, in rising phase

of EPSP, the effect of unbinding is negligible. Thus, since we are interested in

determining the peak of EPSP, we ignore the effects of unbinding process.

We calculate binding probability by first considering that we have only one neu-

rotransmitter in the cleft, the probability of finding that particle inside the effective

volume Ve around a receptor at time t is given by the integral

Pe(t) =

∫∫∫

Ve

C(x, y, z, t)dxdydz, (3.7)

where depending on whether we model diffusion without or with pre-synaptic uptake,

the function C is given by (3.5) or (3.6) with N0 = 1. Note that, as

∫∫∫

R2×H

C(x, y, z, t)dxdydz ≤ 1, ∀t ≥ 0,

with equality holding for all times in case of no uptake, and only at t = 0 with
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uptake, we always have that Pe(t) ∈ [0, 1].

Owing to the assumption that all particle motions are independent of each other,

the random variableNe(t) representing the number of neurotransmitters found inside

Ve at time t has a binomial distribution with the expected value

E [Ne(t)] = N(t)Pe(t), (3.8)

whereN(t) is the expected total number of unbound neurotransmitters in the cleft at

time t. Now, according to our assumption it is sufficient to have a single neurotrans-

mitter inside Ve for a receptor to be in bound state. It follows that the probability

that the receptor will remain unbound after a sampling at time t is (1− Pe(t))
N(t),

which simply says that the receptor remains unbound if and only if none of the

neurotransmitters are inside Ve. Thus, the binding probability Pb for an unoccupied

receptor after a sampling at time t is

Pb(t) = 1− (1− Pe(t))
N(t). (3.9)

Observe that, by (3.8) we have following approximation of Pb valid for large N , i.e.,

large number of transmitters in the cleft,

Pb(t) = 1− (1− E [Ne(t)]

N(t)
)N(t) ≈ 1− e−E[Ne(t)]. (3.10)

This binding probability can also be thought of as expected neurotransmitter flux

through an unoccupied receptor during the instantaneous sampling process at time

t. As a consequence, the expected availability of the receptor decreases, which can

be interpreted as that for the next sampling process we will have a less number of

receptors at the same spot, a ‘fractional receptor’ so to speak. Due to this decrease

in expected availability of receptor, binding probability, at the next time-step, also

decreases by the same amount; after all binding probability given by (3.9) was for a

‘whole’ receptor. Thus, at the kth sampling process, k ≥ 1, the binding probability
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is found by

Pb(k∆t) = a(k∆t)
[
1− (1− Pe(k∆t))N(k∆t)

]
, (3.11)

where ∆t is the duration of each sampling process or simply a time-step and a ∈ [0, 1]

is the expected availability of receptor, which, itself, is then adjusted for the next

step by

a((k + 1)∆t) = a(k∆t)− Pb(k∆t). (3.12)

For each receptor, the initial condition that accompanies the iterative scheme (3.11)-

(3.12) is

a(∆t) = 1,

which corresponds to the assumption that, before the first sampling all the receptors

are unoccupied. The total expected number of bindings at each step, Nb, can be

found by adding the binding probabilities of all the receptors

Nb(k∆t) =

M0∑

j=1

Pb,j(k∆t),

where M0 is the number of receptors in the PSD. Finally, at each time-step, we

update the number of unbound neurotransmitters left in the cleft by the formula

N((k + 1)∆t) =
[
N0 −

k∑

i=1

Nb(i∆t))

]∫∫∫

R2×H

C(x, y, z, t)dxdydz,

where C is given by (3.5) or (3.6) with N0 = 1. The integral term is the contribution

of uptake, and the sum that is subtracted is due to receptor binding. The fact that

we subtract the transmitters that are bound before applying the effect of uptake is

justified by the assumed mutually independent motions of transmitters and the fact
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that the bound transmitters cannot be taken up (since we ignore the dissociation),

and neither can the transmitters that are taken up bind a receptor.

3.2.3 Monte Carlo Simulation

In this subsection we briefly present the details of a Monte Carlo simulation for the

synaptic communication channel, the mathematical model of which we have given

above.

Algorithm

A full simulation of a synaptic channel requires simulation of both diffusion and

ligand-receptor binding processes simultaneously. As in our model the latter depends

only on the existence of a neurotransmitter inside an effective volume Ve, the only

thing to simulate in our case is the location of neurotransmitters in a regular grid.

This is done by taking random seeds as input in each time-step for each of the

three coordinates of neurotransmitters, using the distribution given in (3.6) after

normalization. The x and y-coordinates have Gaussian distribution with mean = 0

and variance = 2Dt. However, z-coordinate follows the distribution derived after

considering synaptic geometry given by (3.6).

Similarly, we calculate the position ofM0 receptors uniformly distributed on PSD

that is kept fixed during entire simulation for a particular value of receptor density.

We consider effective volume Ve around each receptor, where a neurotransmitter-

receptor are most likely to bind. In each time-step, we simulate the position of

N0 neurotransmitters, and all unbound receptors having at least one neurotrans-

mitter inside its Ve are considered bound. In next time-step, we subtract number

of bound receptors and neurotransmitters from the pool of unbound receptors and

neurotransmitters, respectively.

3.2.4 Time-step

The 100% binding probability that we assume at each sampling makes the output of

our simulation sensitive to the changes in the time-step ∆t. The decrease in the time-
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step corresponds to the increase of the sampling rate of the receptors, which yields

a rise in the binding rate. Thus, the output of our simulation is highly dependent

on the time-step ∆t. In what follows, we derive how to choose the correct time step

for given effective volume Ve and binding rate constant for glutamate-AMPA pair

utilized in literature, see Table I.

In our model we assume only two possible states of the receptors, either bound

or unbound. They start in an unbound state, and when they bind to a transmitter,

they stay bound forever since we are only analyzing the rising phase of the EPSP.

This implies that they are memoryless, i.e., given that the receptor is unbound at

time 0, for a fixed concentration of transmitters and any t, t0 ≥ 0 the probability

of binding in the time interval [0, t] is the same as a binding happening inside the

interval [t0, t0 + t] provided that the receptor is unbound at time t0. It follows that

the binding probability P̃b of the receptor is exponentially distributed in time with

some expected binding time, τb, where τb depends on the concentration near the

receptor. Consequently, the probability that the receptor binds in the time interval

(t, t+∆t) provided that it remains unbound until time t is given by

P̃b((t, t+∆t)) =
1

τb

∆t∫

0

e
− τ

τb dτ ≈ 1− e
−∆t

τb , (3.13)

where the approximation is due to the assumption that for small ∆t the transmitter

concentration near the receptor is constant and consequently τb is constant. From

this we deduce that, for a given concentration Ct of neurotransmitters near an

unbound receptor, on average the receptor captures a neurotransmitter every τb =

τb(Ct) seconds. This corresponds to a binding rate constant of

κr =
1

Ctτb

in units M−1s−1. The expected concentration near the receptor Ct can be approxi-
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mated as

Ct ≈
E [Ne(k∆t)]

|Ve|
,

where |Ve| is the size of the effective volume. Thus, the binding rate constant of the

memoryless model reads

κr =
|Ve|

E [Ne(k∆t)] τb
(3.14)

Comparing (3.13) with (3.10) we see that the binding probability we have derived

in Section 3.2.2 is approximately same as that of a memoryless receptor model

provided that one has the identity

E [Ne(k∆t)] =
∆t

τb
.

Plugging this identity into (3.14) and rearranging we find the desired relation

∆t ≈ |Ve|
κr

.

The value of ∆t in Table 1 is calculated from this relation.

3.2.5 Postsynaptic Response

When a neurotransmitter is bound to a receptor, a channel opens. This allows ionic

flux into the cell, changing its membrane potential called postsynaptic potential.

The postsynaptic potential of each receptor is modeled as alpha function [Dayan

and Abbott, 2001]

si(t) = hiα(t), (3.15)

where α(t) = t
tp
exp(1− t

tp
) with hi as the peak amplitude and tp as time to peak of

the response of each receptor.
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3.3 Communication Theoretical Analysis

We use optimum receiver for our model as designed in [Balevi and Akan, 2013] that

has following two hypothesis for packet detection:

H1 : v =
∑

i

cihi + ni (3.16)

H0 : v =
∑

i

ni (3.17)

where v is the input to the detector as shown in Fig. 2, hi is a random variable due

to the randomness in opening of ionic channel once the receptor is bound as well as

in the amount of ions that flow into the channel once it is opened. ci and ni for each

receptor i are

ci =

Tn+1∫

Tn

α2(t)dt (3.18)

ni =

Tn+1∫

Tn

wi(t)α(t)dt (3.19)

where wi(t) is a synaptic noise that is considered as additive white Gaussian noise

and [Tn, Tn+1] is the time interval for receiving one packet of data.

The likelihood ratio for optimum detection is,

Ω =
P (v|H1)

P (v|H0)
=

1√
2πσ2

1

exp(− (v−µ1)2

2σ2
1

)

1√
2πσ2

0

exp(−v2

2σ2
0
)

(3.20)

where v/H1 is also a Gaussian random variable according to the central limit theorem

since v is the sum of many independent and identically distributed (i.i.d) random



Chapter 3: Diffusion-based Model for Synaptic Molecular Communication Channel 48

variables. The threshold value for detection criterion is

th = lnΩ− ln
σ0

σ1

+
µ2
1

2σ2
1

, (3.21)

where

µ1 = E[v|H1] =
∑

i

ciE[hi] (3.22)

σ2
1 = V ar[v|H1] =

∑

i

ciV ar[hi] + V ar[ni] (3.23)

µ0 = E[v|H0] = 0 (3.24)

σ2
0 = V ar[v|H0] =

∑

i

V ar[ni] (3.25)

and the probability of error in the output is given as,

Pe =[P (y < th|x = 0)(1− Pr) + P (y < th|x = 1)Pr]

P (m = 1) + P (y > th|x = 0)P (m = 0)
(3.26)

3.4 Results and Discussion

3.4.1 Determination of EPSP Peak

The peak of EPSP, as described in Section 3.2.5, directly corresponds to the max-

imum number of bound receptors, Mb,max. Since we neglect the effects of dissocia-

tion of transmitters from AMPA receptors, the number of bound receptors, Mb(t),

obtained from our simulation is a monotonically increasing function of time. Con-

sequently, finding peak time, Tp and the peak value, Mb,max, seems out of reach.

However, we may define these quantities by utilizing dissociation rate constant κd,
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Table 3.1: Simulation Parameters for Diffusion Model

Synaptic cleft height H 20nm [Savtchenko and Rusakov, 2007]
Neurotransmitters/Vesicle N0 3000 [Rusakov et al., 2011]
Diffusion coefficient D 0.33µm2/ms [Nielsen et al., 2004]
Side length of PSD Lp 0.4µm
Receptor Density [AMPA] 500− 3000/µm2 [Montes et al., 2015]
Number of receptors M0 [AMPA]× L2

p

Pre-synaptic Re-uptake Pu 10%
Binding Rate of AMPA κr 78× 106M−1s−1

AMPA Dissociation Rate κd 750s−1 [Agmon and Edelstein, 1997]
Mean of hi E[hi] 1
Variance of hi V ar[hi] 0.62

Variance of noise V ar[ni] 0.01
Effective Volume Ve 1nm× 1nm× 0.5nm
Time step ∆t 3.85ns
Simulation time Tp 100.9µs

which we have ignored so far. We choose Tp such that at t = Tp the total binding

and dissociation rates are equal, where the total binding rate, rb(t), at a given time

t is the rate of change of Mb(t) with respect to time, and the total dissociation rate

rd(t) is found by multiplying κd and Mb(t) at time t. We choose Mb,max as the value

of Mb(t) at t = Tp. This method of choosing Tp and Mb,max exactly corresponds to

the assumption that total amount of dissociation from the receptors up until the

peak time is negligible.

3.4.2 Comparison of two methods

We perform Monte Carlo simulation described in Section 3.2.3 with parameters given

in Table I. A square PSD of side length Lp is modeled by a 21 × 21 grid of small

squares with a single receptor in the center of each, i.e. M0 = 441. This corresponds

to a receptor density of approximately 2750 receptors/µm2 falling into the range

given in Table I. The time course of glutamate-receptor binding is depicted in Fig.

4. To represent the simulation results, i.e., Mb(t) after each time-step, the squares

containing bound receptors are highlighted.
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(a) t = 0.5µs (b) t = 1µs (c) t = 2µs

(d) t = 4µs (e) t = 8µs (f) t = 16µs

(g) t = 32µs (h) t = 64µs (i) t = 100µs

Figure 3.4: Time-course of glutamate-receptor binding on 21× 21 grid of receptors
with vesicle release site in the center.

It can be observed that the receptors exactly opposite to the vesicle release site

are the first to bind due to maximum concentration of neurotransmitters at this

point. We see that with these parameters the receptor grid is almost saturated in

response to single vesicle release as in Fig. 4. Interestingly, this result is in agreement

with the other existing experimental work [Clements, 1996, Tong and Jahr, 1994,

Tang et al., 1994] as well as the simulation model developed in [Agmon and Edelstein,

1997]. The significant difference between the number of neurotransmitters in a

vesicle and the receptors present on the PSD assures saturation with single vesicle

release.

The results obtained by theoretical model of Section 3.2.2 and by simulation

algorithm described in Section 3.2.3, are compared in Fig. 5(a) and (b) for different

sets of parameters. In Fig. 5(a), the theoretical model is validated for different

values of N0 and in Fig. 5(b), the theoretical model is validated for different values

of uptake probability Pu. It is observed that the time-course of glutamate-receptor
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Figure 3.5: Time-course of glutamate-receptor binding (a) with Pu = 0.1 (b) with
N0 = 3000.

binding from both the methods are similar. This observation signifies the impor-

tance of the theoretical model for diffusion and binding of the neurotransmitters

developed in this work, as it is much faster than the simulation algorithm requiring

position of neurotransmitters as random seeds in each time step. For comparison,

the calculation of data with N0 = 3000 and Pu = 0.1 plotted in both Fig. 5(a)

and 5(b), took approximately 3 minutes on a PC for the deterministic code, while

it took 1.5 hours on the same PC for each experiment of the simulation.

This significant improvement in speed allows us to analyze in greater detail the

factors affecting peak amplitude of EPSP, which are directly related to Mb,max.

Therefore, in the following, we observe the effects of variations in different synaptic

parameters such as the uptake probability, the number of neurotransmitters in a

vesicle, the diffusion coefficient, the receptor density and the size of PSD, on Mb,max

and Tp.

3.4.3 Factors Affecting Maximum Bound Receptors

Number of neurotransmitters per vesicle and pre-synaptic re-uptake

The variations in these quantities have direct effect on neurotransmitter concentra-

tion near PSD, and therefore, alter receptor binding dynamics significantly. High

number of neurotransmitters N0 per vesicle, or a low uptake probability Pu results
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Figure 3.6: Variation in Maximum Number of bound receptors with (a) Number of
Neurotransmitters per vesicle (b) Uptake Rate.

in a higher concentration of transmitters in the cleft, which, in turn, yields a faster

binding rate and a higher value of Mb,max as shown in Fig. 6.

We see in Fig. 6(a) that PSD almost saturates for N0 larger than 2000 transmit-

ters per vesicle, but for lower quantities the variation in Mb,max becomes significant.

Thus, a possible explanation for trial-to-trial variability of EPSP amplitude is that

N0 varies in the range 500− 2000. The large variance of Mb,max over this range also

increases the neurons ability to encode and decode information.

Fig. 6(b) shows that even in case of no reflections from pre-synaptic boundary,

i.e., Pu = 1, the value of Mb,max is significantly high, at around 250, which is more

than half of the available receptors. This number is much higher for plausible values

of Pu. This observation is in correspondence with the previous results of [Franks

et al., 2002] that the pre-synaptic re-uptake has small effect on the peak amplitude

of EPSP.

Time to reach maximum bound receptors Tp, somewhat counter-intuitively, is

inversely related to Mb,max, as seen in Fig. 7. After all, binding more receptors takes

more time as expected. However, this is an observed phenomenon [Sayer et al., 1990],

and it is a recurring theme, in that, for any variation of a physiological parameter,

which increases the transmitter concentration in the cleft, Mb,max increases, whereas

Tp decreases.
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Figure 3.7: Variation in time to peak with (a) Number of Neurotransmitters per
vesicle (b) Uptake Rate.

Vesicle release site

We first observe the effect of changing location of vesicle release site on Mb,max. We

add an offset of 200nm in x-direction in the original position of release site and

obtain corresponding time-course of glutamate-receptor binding from Monte Carlo

simulation as shown in Fig. 8. It is apparent that change in release site changes

distribution and number of bound receptors reinforcing the argument that relocation

of release site is one of the factors that change synaptic efficacy in subsequent trials.

For larger values of offset in vesicle release position the binding process takes

significantly more time to reach its peak as shown in Fig. 9. As expected, moving

release site away from receptor grid reduces the value of Mb,max and increases the

time to peak. This can be explained by the same reasoning given for the changes

caused by varying vesicle size and uptake probability, and the fact that, the further

away from the PSD the transmitter release occurs, the lower will be the transmitter

concentration near the PSD.

An important feature to observe from Fig. 9(a) is how the reducing effect of

the uptake on Mb,max grows with the offset in the transmitter release location. This

follows from the fact that, on a longer journey to the PSD the uptake mechanism

captures more transmitters. This fact supports the notion that the synaptic channel

noise due to contamination by transmitters from surrounding AZ-PSD pairs is small,
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Figure 3.8: Time-course of glutamate-receptor binding on 21× 21 grid of receptors
with vesicle release site on the right edge.

which is in accordance with the findings of [Franks et al., 2002] that signaling at

different glutamatergic synapses are independent of each other.

Receptor density and the size of the PSD

We simulate our model for different receptor densities keeping PSD area and other

variables constant as mentioned in Table I such that number of unbound receptors

in the given area increases. We observe in the Fig. 4 that a significant difference

in N0 and M0 achieved high level of saturation of PSD, i.e., approximately 96%.

Therefore, we can intuitively predict that decreasing the difference in N0 and M0,

obtains lower level of saturation. Thus, it is shown in Fig. 10(a) that the percentage

of PSD saturation decreases with the increase in receptor density, however, the level

of saturation does not fall significantly since the largest value for concentration in

our simulation gives value of M0 that is still quite lower than N0. Therefore, we may

observe drastic fall in saturation level for much higher values of receptor densities.
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Figure 3.9: Effect of offset in vesicle release site on (a) Maximum number of bound
receptors (b) Time to peak.
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Figure 3.10: PSD saturation with (a) receptor density (b) PSD size.

Furthermore, we just vary the PSD area with a fixed receptor density at 2750

receptors/µm2, the reduction in saturation level is quite significant as shown in

Fig.10(b). The reason for this effect is similar as for the effect caused by increasing

off-set in vesicle release site. In both cases, distance between vesicle release site and

a certain set of receptors is increased resulting in lower concentration of neurotrans-

mitters around the receptors away from the release site, decreasing their binding

probability, hence, we obtain lower level of saturation. This rate of reduction in sat-

uration level is increased by increasing the uptake rate that further reduces number

of neurotransmitters.
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Figure 3.11: Mb,maxVs D
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Figure 3.12: Pe Vs [AMPA].

Diffusion coefficient

The diffusion coefficient D encapsulates the rate of spread of glutamate molecules

inside extracellular fluid medium of synaptic cleft, a higher value corresponding to

faster spread. In literature, different values of D has been used by different authors,

all falling in the range 0.1 − 1 µm2/ms [Agmon and Edelstein, 1997,Franks et al.,

2002, Ventriglia and Di Maio, 2000]. As seen in Fig. 11, Mb,max decreases with

increasing D since with a larger D the transmitters spread and leave the volume

above the PSD faster.
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3.4.4 Error Probability

Probability of error Pe is a major performance measure of a communication channel.

We simulate our model using parameters listed in Table 3.1 and determine Mb,max

for different values of receptor density keeping PSD size constant. The response

generated by bound receptors is detected by optimum receiver described in Section

3.3.

Using (18), we evaluate Pe as a function of postsynaptic receptor density for

different values of vesicle release probabilities, as shown in Fig. 12. We keep incom-

ing spike probability constant at P (m = 1) = 0.7. It can be observed that for a

certain value of Pr, Pe always reduces with the increase in receptor density. This

result complies with the fact that given high probability of vesicle release, higher

number of receptors on PSD would obtain higher value of Mb,max ensuring accurate

detection, thus, reducing probability of error.

The advantage of the proposed model is that it enables us to analyze synaptic

parameters on molecular level producing faster results than the conventional simu-

lation models, as shown by the above discussion. Thus, we dedicated a subsection

to analyze each important factor affecting the dynamics of the synaptic communi-

cation. Moreover, this study leads to the analysis of important parameters such as

variation in vesicle size or receptor density that are responsible for synaptic plasticity

in neurons and therefore, memory formation.

3.5 Conclusion

In this chapter, we investigated one of the most advanced mechanism of molecular

communication that exists in nature. We focused on the point-to-point synaptic

channel in hippocampal neuron and introduced a novel mathematical formulation

of neurotransmitters’ diffusion in synaptic cleft that encompasses the effects of geo-

metrical structure of synapse and re-uptake phenomenon. As a result of this math-

ematical achievement we have developed a deterministic code, which calculates the

expected behavior of synaptic molecular communication channel. The predictions of
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this code are successfully verified by a corresponding Monte Carlo simulation. This

is one of the main contributions of this work, as the code developed takes much less

time for the same task compared to the Monte Carlo approach.

Moreover, we observed the effects of variations in various synaptic parameters

on number of maximum bound receptors and time to reach this maximum, which

together determine EPSP profile. The results obtained in this analysis comply with

the outcomes of existing physiological studies and simulations in literature. We

also discussed the possible causes of trial-to-trial variability in peak amplitude of

EPSP. Eventually, we performed communication theoretical analysis of our model

by evaluating error probability in output detection.
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Chapter 4

INFORMATION THEORETICAL ANALYSIS OF SISO

SYNAPTIC COMMUNICATION

4.1 Introduction

In nervous system, sensory information from outside world as well as signals from

other organs are encoded into AP’s, which are transmitted through a neuronal net-

work to be processed by brain. Information theory provides a mean to estimate the

transmission capacity of this complex communication network along with quanti-

fying the reliability of the synaptic communication model [Borst and Theunissen,

1999] .

Neuro-spike communication has been studied from information theoretical per-

spective at different levels of complexities and for various network topologies [Kostal

and Kobayashi, 2015,Manwani and Koch, 2001,Malak and Akan, 2013a,Veletić et al.,

2016b]. The capacity of neuro-spike communication is evaluated in [Kostal and

Kobayashi, 2015,Galluccio et al., 2013] using Hodgkin-Huxley (HH) model through

numerical simulations. In [Manwani and Koch, 2001], the information transfer rate

for single-input single-output (SISO) system has been calculated under signal detec-

tion and signal estimation paradigms. Moreover, the closed-form expression for the

capacity of SISO and multiple-input single-output (MISO) neuro-spike communica-

tion is derived in [Malak and Akan, 2013a] using probabilistic model. This work is

further extended in [Ramezani et al., 2017] to find the information rate in a SISO

model with multiple synaptic terminals between two neurons. In [Veletić et al.,

2016b], the upper bound of the capacity for a SISO synaptic communication is de-

rived using Bernoulli distribution to model diffusion of neurotransmitters through

the cleft, which ignores the synaptic geometry and the removal of residual neuro-



Chapter 4: Information Theoretical Analysis of SISO Synaptic Communication 60

Axon

Dendrites

H

Pre-Synaptic

 Terminal

Post-synaptic 

TerminalLp

Pre-synaptic 

neuron

Post-synaptic 

neuron

Synapse Synaptic 

cleft

Figure 4.1: Synaptic communication model.

transmitters from the cleft. All the above cited studies have ignored the variability

in the response due to (i) variations in vesicle release probability with time as ex-

plained in [Matveev and Wang, 2000] and (ii) effect of synaptic geometry, diffusion

of neurotransmitters and their clearance from the synaptic cleft, which would affect

the mutual information, thus, capacity of the synaptic transmission. Recently, the

variation in vesicle release probability is considered in [Ramezani and Akan, 2017d],

where it is shown that ignoring this variation causes overestimation of capacity of

vesicle release process. Since, according to the data processing inequality, further

processing does not increase the information, all of the above stated studies overes-

timated the capacity of the synaptic communication. Moreover, the capacity is only

evaluated for the vesicle release process in [Ramezani and Akan, 2017d], thus, there

is a need to evaluate the capacity of complete synaptic model.

The main contribution of this chapter is to derive analytical closed-form ex-

pressions for the information capacity of SISO synaptic transmission using realistic

communication model for hippocampal pyramidal neurons. In our model, variation

in vesicle release probability due to memory of neuron from previously released vesi-

cles is taken into account. Moreover, the diffusion model that considers the synaptic

geometry and clearance of neurotransmitters from the cleft between successive trans-

missions is used. Since the arrival of spike initiates the vesicle release process, the
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input of the system is considered as spike train. Moreover, the maximum number

of bound receptors in response to each incoming spike is assumed as output since

it contributes to generating the post-synaptic potential. We derive the information

capacity and evaluate capacity-achieving input distribution for this SISO commu-

nication system for each incoming spike, i.e. for a single transmission. Then, to

derive the overall capacity for multiple transmissions, we evaluate average mutual

information using the steady-state release probability.

This whole chapter would serve as the basis for evaluating the capabilities of bio-

inspired nanonetworks that utilize neuro-spike communication paradigm. Moreover,

understanding of intra-body nervous nanonetworks from information theoretical per-

spective, would aid in designing ICT-inspired diagnostic and treatment techniques

for neurodegenerative diseases that alter the typical ranges of the synaptic param-

eters. For instance, Alzheimer’s disease (AD) reduces the available neurotransmit-

ters [Mann and Yates, 1986], thus, decreasing the overall capacity of the synaptic

transmission. Therefore, the calculation done in this chapter would serve as the

basis for the diagnosis of AD by comparing the capacity of healthy and diseased

synapses.

The remainder of this chapter is organized as follows. The synaptic commu-

nication model including vesicle release process, diffusion and receptor binding is

presented in Section 4.2. The overall capacity for multiple transmissions is derived

in Section 4.3, and numerical results are provided and analyzed in Section 4.4. Fi-

nally, this chapter is concluded in Section 4.5.

4.2 Communication Theoretical Modeling of Synaptic Transmission

Spike arrival initiates the synaptic communication by changing the membrane po-

tential of the pre-synaptic terminal, which is followed by the release of neurotrans-

mitters to the synaptic cleft, their diffusion inside the cleft and binding with the

receptors located on post-synaptic terminal. To analyze this communication system,

we consider the synapse in the shape of a box with height H as shown in Fig. 4.1.

The top and bottom surfaces of the box correspond to the pre- and post-synaptic
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Figure 4.2: Pool-based model for neurotransmitter release and replenishment.

membranes, respectively, and are considered to be infinite in dimensions. This as-

sumption is in accordance with the diffusion model provided in [Khan et al., 2017].

After vesicle is released from pre-synaptic terminal, neurotransmitters are diffused

through the cleft and captured by post-synaptic receptors present on post-synaptic

density (PSD). PSD occupies a limited square shaped region on the post-synaptic

terminal with side length Lp as shown in Fig. 4.1.

In this section, we present the communication model for three processes involved

in synaptic transmission known as vesicle release, diffusion and neurotransmitter-

receptor binding. This communication model will later be used to derive the maxi-

mum mutual information between the input and output of the system.

4.2.1 Vesicle Release Process

Synaptic transmission is initiated with the arrival of spikes to the axonal terminal

of the pre-synaptic neuron, which allows the influx of calcium ions by opening the

voltage dependent calcium channels (VDCCs). After entering into the pre-synaptic

terminal, calcium ions diffuse inside it, where they can bind to calcium buffers or

sensors. Binding of enough calcium ions with a calcium sensor, which is located

near the available vesicles for release, initiates the fusion of these vesicles with mem-

brane. This causes the release of the content of vesicle, i.e., neurotransmitters, to

the synaptic cleft [Bear et al., 2007].

In this work, we consider existence of two distinct pools of vesicles in the pre-

synaptic terminal as suggested in [Matveev and Wang, 2000] and utilize the pool-

based vesicle release and replenishment model shown in Fig. 4.2. In this model,

the ready pool (RP) contains the vesicles ready for release, called readily releasable

vesicles (RRVs), and the unavailable pool contains the released vesicles showing the
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capacity for replenishment of RP. In Fig. 4.2, the capacity of RP, i.e., the number

of RRVs when no vesicle is released, is called Nmax. F (N) is the vesicle release

probability when N , N ≤ Nmax, vesicles are available in RP. The mean recovery

time for replenishment of one vesicle vacancy is τD and G(τD,∆t) is the probability

of refilling one vesicle after ∆t seconds.

As it is mentioned in [Matveev and Wang, 2000], the number of vesicles that

are available to refill RP is much more than Nmax, hence, the replenishment of one

released vesicle can be modeled by the first event of a Poisson process [De La Rocha

and Parga, 2005]. Thus, the probability of one vacancy replenishment is derived as

G(τD,∆t) = 1− exp
(
− τ−1

D ∆t
)

(4.1)

and the number of recovered vesicles after ∆t seconds is derived based on Binomial

distribution given by B(Nmax −N,G(τD,∆t)).

Vesicles can release spontaneously or upon arrival of a spike. Hence, we consider

both of these scenarios while deriving the vesicle release probability.

Evoked Release

After arrival of a spike to the pre-synaptic terminal until release of a vesicle, the

release of every RRV is independent from others. However, after release of one

vesicle, the others are temporarily prevented from release in hippocampal pyramidal

neurons [Matveev and Wang, 2000]. Hence, we utilize the uni-vesicular release model

as given below.

The release probability for each of the existing vesicles in RP is governed by a

Poisson process with rate λv(t), which is a function of (i) opening of VDCCs and their

distance from calcium sensors, (ii) binding of calcium ions to buffers, calcium sensors

and pumps, and (iii) diffusion of calcium ions and buffers [Ramezani and Akan,

2017c]. If a spike with duration equal to ∆ts arrives at the pre-synaptic terminal at

time t0, the vesicle release happens in the time interval given by [t0, t0+∆ts]. Thus,
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the fusion rate for each vesicle during a period of ∆t is defined as

αv(∆t) =

∫ t0+∆t

t0

λv(t)dt,

where ∆t ≤ ∆ts. Then, as a result of using the univesicular release model, the

probability of evoked release in the time interval [t0, t0 +∆t] is given as [Malak and

Akan, 2013a],

P{Release|Spike arrival} =





1− exp(−Nαv(∆t)), ∆t ≤ ∆ts

1− exp(−Nαv(∆ts)), ∆t > ∆ts

(4.2)

where N is the number of RRVs.

Spontaneous Release

The spontaneous vesicle release is independent from evoked release. Since, the

average waiting time for spontaneous release of each RRV is eight minutes, 480

[s] [Murthy and Stevens, 1999], the spontaneous release probability from a synapse

with N vesicles during ∆t seconds is derived as follows.

P{Release|No spike} = 1− exp(−N∆t

480
) (4.3)

4.2.2 Diffusion Process

After a vesicle release, neurotransmitters follow Brownian motion to diffuse across

the synaptic cleft. The concentration of neurotransmitters in three-dimension at any

time t, denoted as C(x, y, z, t), is random and its expected value can be calculated

from Fick’s equation given below,

∂C(x, y, z, t)

∂t
= Dc∇2C(x, y, z, t), (4.4)

where Dc is diffusion coefficient, t ≥ 0 and (x, y, z) ∈ R
2× [0, H]. While considering

the reflections of neurotransmitters from pre- and post-synaptic membranes, the
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solution of Fick’s equation is given in [Khan et al., 2017]. This gives the expected

concentration of neurotransmitters in the cleft as follows,

C(x, y, z, t) =
N0

(
√
4πDct)3

e
(−x2−y2)

4Dct

{
2

∞∑

k=−∞

e
−(z−(2k+1)H)2

4Dct

}
, (4.5)

where N0 is the number of neurotransmitters in a vesicle. Moreover, in presence of

pre-synaptic re-uptake of neurotransmitters, (4.5) is modified as,

C(x, y, z, t) =
N0

(
√
4πDct)3

e
(−x2−y2)

4Dct

{ −1∑

k=−∞

(2− Pu)(1− Pu)
−(k+1)e

−(z−(2k+1)H)2

4Dct

+
∞∑

k=0

(2− Pu)(1− Pu)
ke

−(z−(2k+1)H)2

4Dct

}
,

(4.6)

where Pu [uptake/hit] is the uptake probability [Khan et al., 2017].

On the receiver side, the neurotransmitters hit the receptors and bind to them

with some probability. According to [Khan et al., 2017], we consider that receptors

are uniformly distributed on the PSD and the only neurotransmitters which are

inside a small volume, i.e., Ve, around each receptor are likely to bind.

To calculate the expected concentration of neurotransmitters inside Ve, i.e., Ct,

we assume that there is only one neurotransmitter in the cleft. Thus, according

to [Khan et al., 2017], the probability of finding that neurotransmitter inside Ve at

time t is given by

Pe(t) =

∫∫∫

Ve

C(x, y, z, t)dxdydz, (4.7)

where C is given by (4.6) with N0 = 1.

According to [Khan et al., 2017], all particles move independently from each

other. Thus, the number of neurotransmitters found inside Ve at time t can be

represented by a binomial random variable, Ne(t), having expected value
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Figure 4.3: Kinetic scheme of AMPA receptors.

E [Ne(t)] = Nt(t)Pe(t), (4.8)

where Nt(t) is the expected total number of unbound neurotransmitters in the cleft

at time t. Thus,

Ct ≈
E [Ne(t)]

|Ve|
(4.9)

where |Ve| is the size of the effective volume.

4.2.3 Neurotransmitter-Receptor Binding

PSD in hippocampal neurons contains two major kinds of receptors, i.e., AMPA

(α-Amino-3-hydroxy-5-methyl-4-isoxazolepropionic acid) and NMDA (N-methyl-D-

aspartate). However, we only consider AMPA receptors uniformly distributed in

PSD, since NMDA receptors contribute in synaptic plasticity, which is not addressed

in this study. Binding of neurotransmitters to AMPA receptors increases membrane

potential of post-synaptic neuron, i.e., generates excitatory post-synaptic potential

(EPSP).

To derive the probability of neurotransmitter binding to an AMPA receptor,

we utilize the simplified kinetic model demonstrated in Fig. 4.3. As it is shown

in [Destexhe et al., 2002], this simplified model provides fairly good approximations

for the time course and the dynamic behavior of synaptic currents compared to the

complex multi-state kinetic models.
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When receptor r, r ∈ [0,M0], is in the closed state, i.e., Cr, it is available for

binding to a neurotransmitter. After binding, the receptor moves to the open state,

i.e., Or, and allows the influx of ions that changes the membrane potential of post-

synaptic terminal. The probability of being in each of these states changes with

time depending on the expected concentration of neurotransmitters near receptor,

i.e., Ct, as given in the following equations,

dCr

dt
= −κbCrCt + κdOr,

Cr +Or =1,

(4.10)

where κb and κd are binding and dissociation rates for AMPA receptors, respectively.

Or and Cr also represent the opening and closing probabilities of AMPA receptors,

respectively, that depend on both time and the position of the receptors.

4.3 Capacity Analysis of Synaptic Communication

The extensive analysis of synaptic transmission from information theoretical per-

spective is required to lay down the foundation of bio-inspired nanonetworks. Thus,

in this section, we aim to derive the closed-form expression of the capacity of the

synaptic transmission that depends on the availability of readily releasable vesicles,

which changes with time and depends on the previous vesicle releases. Therefore, we

discretize time into windows of equal durations, i.e., ∆t, and select ∆t sufficiently

small so that at most one spike can exist at each window [Malak and Akan, 2013a].

Note that by considering the width of spike equal to ∆ts, ∆tmust be selected greater

than or equal to ∆ts to have complete spike duration in one window.

In each time step, we can maximize mutual information over all possible spiking

probabilities to estimate capacity of the system. However, since the number of RRVs

changes over time, the vesicle release probability also changes. Hence, according to

the definition, mutual information would also vary with time. Thus, we need to

find average mutual information from 1st to nth time step and derive the spiking

probability that maximizes it to reach the overall capacity until time step n. Finally,
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Figure 4.4: Block diagram of the synaptic communication.

we extend this calculation to find the capacity of synaptic transmission when n

approaches to infinity.

4.3.1 Mutual Information in Each Time Step

The input and output of the synaptic communication model shown in Fig. 4.4 are

Sn and Bn,max, respectively, in nth time slot. Here, Sn depicts the existence of

spike at input and Bn,max shows the maximum number of bound receptors at the

post-synaptic terminal as a result of vesicle release. Hence, the mutual information

of the system at each time step can be defined as follows,

I(Sn, Bn,max) = H(Bn,max)−H
(
Bn,max|Sn

)
, (4.11)

where the entropies in (4.11) follow the general formula given asH(Xn) = −∑i P{Xn =

i} log2 P{Xn = i}.
By conditioning over the spike arrival, we can write the probability P{Bn,max =

i} as given below,

P{Bn,max = i} =
1∑

j=0

P{Bn,max = i|Sn = j}P{Sn = j}, (4.12)

where i ∈ [0,M0] and M0 is the total number of receptors on the post-synaptic

terminal. Same as [Malak and Akan, 2013a,Manwani and Koch, 2001], we model

the spike arrival with a Poisson process. Hence, assuming the rate of this process
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as λ, the probability of spike arrival at nth time slot can be calculated as P{Sn =

1} = 1− exp(−λ∆t) , p.

To derive the probability P{Bn,max = i|Sn = j}, we can condition over the

vesicle release process as follows.

P{Bn,max = i|Sn = j} =
1∑

k=0

P{Bn,max = i|Vn = k}P{Vn = k|Sn = j}, (4.13)

where Vn indicates the release of vesicle in nth window. Since, the neurotransmitters

are removed from synaptic cleft between successive vesicle releases through re-uptake

and diffusion [Khan et al., 2017], the synaptic noise due to residual neurotransmitters

is not significant and we consider P{Bn,max = 0|Vn = 0} = 1.

To find the probability P{Bn,max = i|Vn = 1}, we define the opening probability

of rth receptor as Or(t), where r ∈ [0,M0] and 0 ≤ t ≤ ∆t. As shown in [Khan

et al., 2017], a smaller time step called ∆τ << ∆t can be used to calculate Or(t)

in each ∆t. We are interested in the maximum number of bound receptors, Bn,max,

since it contributes to the peak of EPSP. After binding to a neurotransmitter, the

receptors stay in open state until EPSP reaches its maximum value. Hence, utilizing

the maximum opening probability for rth receptor during nth time step, i.e., Or,n =

max0≤t≤∆t

(
Or(t)

)
, we can calculate Bn,max by defining the variable xr,n as follows.

xr,n =





0, 1−Or,n

1, Or,n

. (4.14)

The
M0∑
i=1

xr,n shows the maximum number of open receptors during time step ∆t.

Hence, the probability of having i open receptors upon vesicle release, i.e., P{Bn,max =

i|Vn = 1}, is equal to P{
M0∑
r=0

xr,n = i}, which can be modeled by Poisson Binomial

distribution with mean, µn, and variance, σ2
n, as shown in [Fernandez and Williams,
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2010],

µn =

M0∑

r=0

Or,n (4.15)

σ2
n =

M0∑

r=1

Or,n(1−Or,n). (4.16)

Thus, the probability P{Bn,max = i|Vn = 1} is calculated as follows,

P{Bn,max = i|Vn = 1} =
1

M0 + 1

M0∑

l=0

E−li

M0∏

r=1

[
1 + (El − 1)Or,n

]
, (4.17)

where E = exp(2
√
−1π

M0+1
).

Next step is deriving the conditional vesicle release probability given in (4.13),

i.e., P{Vn = k|Sn = j}. As it is shown in Fig. 4.4, a binary channel can be used

to model the vesicle release process at each time step. According to (4.2) and (4.3)

and the pool-based vesicle release and replenishment model depicted in Fig. 4.2,

the probability of release in nth time slot when RP has N vesicles is expressed as

follows,

P{Vn = 1|Nn = N,Sn = 1} = 1− exp
(
−Nαv(∆ts)

)
, Pe, (4.18)

P{Vn = 1|Nn = N,Sn = 0} = 1− exp
(
− N∆t

480

)
, ǫ, (4.19)

where (4.18) shows the probability of evoked release, (4.19) depicts the spontaneous

release probability and Nn indicates the number of available vesicles in RP at the

beginning of nth time slot. Then, the conditional vesicle release probability can be

written as follows,

P{Vn = k|Sn = j} =
Nmax∑

Nn=0

P{Vn = k|Nn = N,Sn = j}P{Nn = N}.

In [Ramezani and Akan, 2017d], an array named Pn is defined with dimension

1 × (Nmax + 1) having ith element equal to P{Nn = i − 1}. Then, a recurrence
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relation is derived for Pn as follows,

Pn = Pn−1DR. (4.20)

Here, D and R are (Nmax + 1)× (Nmax + 1) matrices indicating the impact of pool

depletion and replenishment on the probability of having a given number of RRVs,

respectively. To derive the probability of having different number of RRVs in time

slot n, (4.20) is simplified to Pn = P1(DR)n−1, where P1 is equal to [0, 0, ...., 0, 1]

indicating that RP is full, i.e., N = Nmax, before the arrival of spikes.

The (i, j)th element of D, i.e., Dij, represents the probability of transition from

having Nn−1 = i−1 to Nn = j−1 as a result of vesicle release. Since we are using the

univesicular release model, at most one vesicle can be released from the pool. Hence,

the nonzero elements of matrix D occur only where j ∈ {i, i−1} and can be derived

from vesicle release probability shown in Fig. 4.2, Fn(.), as Dii = 1− Fn(i− 1) and

Di(i−1) = Fn(i− 1). Using the spiking probability, p, and the probabilities given in

(4.2) and (4.3), the vesicle release probability in nth slot when RP has i vesicles,

i.e., Fn(i), involving both spontaneous and evoked releases, is derived as follows,

Fn(i) = 1−
[
exp

(
− iαv(∆ts)

)
p+ exp

(
− i∆t

480

)
(1− p)

]
. (4.21)

The (i, j)th element of R, i.e., Rij, represents the probability of transition from

having Nn−1 = i − 1 to Nn = j − 1 as a result of vesicle replenishment process.

Since the number of refilled vesicles when the RP has i RRVs can be derived from

Binomial distribution given by B(Nmax− i, G(τD,∆t)) as explained in Section 4.2.1,

the matrix R is an upper triangular matrix whose (i, j)th element for ∀j ≥ i is

defined as follows,

Rij =

(
Nmax − (i− 1)

j − i

)
G(τD,∆t)j−i

(
1−G(τD,∆t)

)Nmax−(j−1)

.
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4.3.2 Information Capacity of synaptic transmission

We define the maximum mutual information achieved during first n time slots as

Cn = maxp

∑n

l=1
I(Sl;Ml,max)

n
. Then, the overall capacity of synaptic communication

is defined as C = lim
n→∞

Cn, for which we evaluate the convergence of I(Sn;Bn,max).

Based on the recurrent equation given by (4.20), the number of vesicles in RP can

be modeled by a finite-state Markov chain. Moreover, the steady state probability of

each state in this Markov chain, i.e., π = [π0, π1, . . . , πNmax ], can be derived by solving

the linear equations π = πDR and
∑Nmax

i=0 πi = 1. Then, to find lim
n→∞

I(Sn;Bn,max),

we calculate the limit of (4.13) when n tends to infinity as follows,

lim
n→∞

P{Bn,max = i|Sn = j} =

1∑

k=0

P{Bn,max = i|Vn = k}
Nmax∑

N=0

P{Vn = k|Sn = j,Nn = N}πN .

Now, the limit of (4.12) as n tends to infinity is found as

lim
n→∞

P{Bn,max = i} =
1∑

j=0

P{Sn = j} lim
n→∞

P{Bn,max = i|Sn = j}.

Therefore, the mutual information, I(Sn;Vn), converges as given below.

lim
n→∞

I(Sn;Bn,max) = H( lim
n→∞

Bn,max)−H( lim
n→∞

Bn,max|Sn)

, I∞,

(4.22)

where the entropies in the above equation follow the general formula given as

H( lim
n→∞

Xn) = −
∑

i

lim
n→∞

P{Xn = i} log2
(

lim
n→∞

P{Xn = i}
)
.

Considering the binary channel of vesicle release block in Fig. 4.4, since the

crossover probability when there is no spike at input, ǫ, is very small in real sce-

nario, the mutual information at the output of this block decreases if Pe reduces.

Since the number of RRVs decreases with time as a result of pool depletion; ac-
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cording to (4.18), the evoked release probability, Pe, thus, I(Sn;Vn), also reduces

with time. Moreover, according to data processing inequality, further processing

does not increase the information. Hence, I(Sn;Bn,max) also decreases with time.

Furthermore, according to (4.22), I(Sn;Bn,max) converges to I∞, thus, its average

over time also converges to I∞, i.e.,

lim
n→∞

n∑

l=1

I(Sl;Bl,max)

n
= I∞, (4.23)

and the capacity of synaptic communication can be calculated as follows,

C = max
p

I∞. (4.24)

4.4 Evaluation

In this section, we intend to evaluate the capacity of the synaptic communication

and find how it is affected by varying different synaptic parameters. Since the output

of the system, i.e., the maximum number of bound receptors, depends on spiking

probability, p, capacity of RP, Nmax, and number of neurotransmitters in a vesicle,

N0, we first evaluate the impact of these parameters on the mutual information

between input and output. The values of all simulation parameters are selected

from the experimental studies as shown in Table 4.1. Furthermore, we highlight how

the mutual information changes over the multiple synaptic transmissions. Thus, we

calculate the average mutual information over n transmissions and maximize it to

find the capacity until nth time slot. Finally, with the use of steady-state probability

of number of RRVs, we find the overall mutual information and capacity along with

the capacity-achieving input probability distribution.

4.4.1 Mutual Information in Each Time Step

In this section, we calculate the mutual information in each time step for different

values of synaptic parameters, i.e., Nmax and N0, and spiking probability, p, and

discuss the effects of changing these parameters on information transfer rate. Since
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Figure 4.5: Average number of available vesicle for release for different (a) capacity
of ready pool, Nmax and (b) spiking probabilities, p.
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Figure 4.6: Mutual information between spiking and maximum number of bound
receptors for different (a,d) capacity of ready pools, Nmax, (b,e) number of neuro-
transmitters in a vesicle, N0, and (c,f) spiking probabilities, p.
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Table 4.1: Simulation Parameters for SISO Channel

Parameters Symbols Values

Synaptic cleft height H 20 nm [Savtchenko and Rusakov, 2007]

Diffusion coefficient Dc 0.33 µm2/ms [Nielsen et al., 2004]

Side length of PSD Lp 0.4 µm [Khan et al., 2017]

Number of receptors M0 441 [Montes et al., 2015]

Pre-synaptic Re-uptake Pu 10% [Khan et al., 2017]

Binding Rate of AMPA κb 78× 106 1
Ms [Agmon and Edelstein, 1997]

Dissociation Rate of AMPA κd 750 s−1 [Agmon and Edelstein, 1997]

Effective Volume Ve 1× 1× 0.5 nm3

Simulation time step ∆τ 3.85 ns [Khan et al., 2017]

Spike width ∆ts 4 ms [Bear et al., 2007]

Discretization time step ∆t ∆ts [Ramezani and Akan, 2017d]

Average fusion rate αv(∆ts) 0.06
√
N [Dobrunz and Stevens, 1997]

Mean vacancy recovery time τD
0.6

Nmax
[De La Rocha and Parga, 2005]

the vesicle release process is the only part of the system that has memory, i.e., the

number of RRVs changes after each transmission, we analyze the impact of variation

of number of RRVs with time on mutual information. Among the aforementioned

parameters, N0 is not affecting the number of RRVs, hence the average number of

available vesicles for release is plotted for different values of Nmax and p in Fig. 4.5.

The pool-based vesicle release and refill model shown in Fig. 4.2 is used to

derive the statistics of number of RRVs. As it is shown in Fig. 4.5, the number

of RRVs reduces with time, thus, we can conclude that the release rate of vesicles

is faster than their refill rate, i.e., the neuron does not have enough time between

multiple transmissions to refill all of the released vesicles. It can also be observed in

Fig. 4.5(a) that increasing Nmax increases the average number of vesicles available

in each time slot. This is due to two reasons, i.e., higher value of Nmax results

in (i) having more number of RRVs in the beginning of simulation, and (ii) faster

vacancy replenishment according to the definition of τD given in Table 4.1. Moreover,

according to Fig. 4.5(b), increasing the spiking probability, p, while keeping Nmax

fixed, decreases the average number of RRVs. Since the evoked release probability,
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Pe, is higher than spontaneous release probability, ǫ, increasing spiking probability,

p, causes the release of more number of vesicles in multiple transmissions. Moreover,

the refill rate is constant, thus, the average number of RRVs decreases with time by

increasing spiking probability, p.

The mutual information between input and output of the system is shown in Fig.

4.6 for different values of Nmax, N0 and p. It is observed that the mutual information

reduces over time. The reason of this reduction can be explained considering the

binary channel of vesicle release block in Fig. 4.4. Since the crossover probability

when there is no spike at input, ǫ, is very small in real scenario, the mutual infor-

mation at the output of this block would be maximum if (1−Pe) tends to zero, i.e.,

as the evoked release probability, Pe, increases. On the other hand, the diffusion

and binding processes cannot increase the information about input according to the

data processing inequality. Thus, the overall mutual information of the system is

directly related to the evoked release probability. According to (4.18), this release

probability decreases with reduction in the number of RRVs and the average num-

ber of RRVs reduces with time as shown in Fig. 4.5. Therefore, mutual information

also reduces over time as shown in Fig. 4.6. Moreover, since the number of RRVs,

Nn, eventually reaches its steady state value according to the Markov chain model

indicated in Section 4.3.2, mutual information also saturates to a constant value.

In Fig. 4.6(a), the mutual information is plotted against time for different values

of Nmax. It can be observed that the reduction rate of mutual information decreases

with the increase in the value of Nmax. This is due the fact that high values of Nmax

leads to higher number of RRVs, Nn, in each time slot as shown in Fig. 4.5(a),

which saturates the evoked release probability, Pe, according to (4.18). Therefore,

the rate of change of mutual information tends to zero for higher values of Nmax as

shown in Fig. 4.6(a) and Fig. 4.6(d). Furthermore, for very low values of Nmax, the

signal transmission happens rarely, thus, mutual information is close to zero for all

time.

It can also be observed in Fig. 4.6(a) and Fig. 4.6(d) that in each time slot we

have higher value of mutual information as the value of Nmax increases. This is due
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to having more number of RRVs, thus, higher evoked release probability, as a result

of increasing Nmax.

Next, we evaluate the effect of changing the number of neurotransmitters in a

vesicle, N0, on mutual information. We select Nmax as 10, which is reported in

[Schikorski and Stevens, 1997] for average capacity of RP in hippocampal pyramidal

neurons. As can be observed in Fig. 4.6(b) and Fig. 4.6(e), the output has more

information about input if there is a higher number of neurotransmitters in a vesicle.

Moreover, the mutual information attains saturation after certain value of N0 as a

result of having enough bound receptors to detect the signal transmission in case of

spike arrival. Furthermore, for very low values of N0, the neurotransmitters are lost

in the cleft or uptaken by the pre-synaptic terminal before reaching the post-synaptic

receptors, thus, resulting in lower value of mutual information.

The change in mutual information of synaptic transmission with respect to spik-

ing probability is shown in Fig. 4.6(c) and Fig. 4.6(f). The mutual information de-

creases with higher rate with increasing spiking probability as shown in Fig. 4.6(c).

This is due to more reduction in the number of RRVs by increasing spiking proba-

bility as shown in Fig. 4.5(b). Moreover, since the number of RRVs, Nn, changes

with time, the spiking probability that maximizes mutual information also changes

in each time slot. This change is apparent in Fig. 4.6(f) as the peak of mutual

information is moving towards left.

The mutual information between spiking and output of vesicle release process

is reported in [Ramezani and Akan, 2017d]. By comparing the achievable mutual

information for the overall synaptic communication shown in Fig. 4.6 and the results

of [Ramezani and Akan, 2017d], we can see that the diffusion and binding processes

do not decrease the mutual information after certain value of N0. Thus, we can

conclude that if the value of N0 is very high, which is the case in real scenario

[Rusakov et al., 2011], enough amount of the released vesicle are always received by

the post-synaptic neuron, which shows the reliability of the synaptic system.
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Figure 4.7: Average mutual information for Nmax = 10 and N0 = 500.
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Figure 4.8: Maximum mutual information from 1st to nth slot for different values
for (a) capacity of RP, Nmax, and (b) number of neurotransmitters in a vesicle, N0.

4.4.2 Average Mutual Information and Capacity for n Synaptic Transmissions

In the previous section, we observed that the mutual information changes with time,

hence we need to find average mutual information over several transmissions to

evaluate the capacity of synaptic communication. The mutual information averaged

over n consecutive time slots, always starting from the first time slot, is shown in

Fig. 4.7. It is apparent in the figure that average mutual information reduces as the

system use increases, which is a result of the depletion of RP. Moreover, the spiking

probability that maximizes the average mutual information is also decreasing with
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Figure 4.9: Average mutual information of the system, system capacity and capacity-
achieving spiking probability in steady state for N0 = 500 and different values of
Nmax.

time as indicated by the peak of the curve that moves towards left.

The average mutual information is maximized over spiking probability, p, to cal-

culate the capacity over multiple transmissions, for different values of Nmax and N0

as shown in Fig. 4.8(a) and Fig. 4.8(b), respectively. In both cases, the capacity

reduces with time as a result of reduction in mutual information over multiple trans-

missions as observed in Fig. 4.6. Moreover, increase in both Nmax and N0 increases

the capacity as a result of higher vesicle release probability and increased chances of

neurotransmitters to reach the receptors, respectively. Furthermore, as we have seen

in Fig. 4.6(e), the mutual information in each time step saturates with increasing

N0. Hence, it can be observed in Fig. 4.8(b) that the capacity of the system over

multiple uses also saturates after a specific value of N0.

4.4.3 Mutual Information and Capacity at Steady-State

To evaluate the capacity of synaptic communication, we calculated the steady state

probabilities of having different number of RRVs and use them to derive the mutual

information between input and output of the system as n tends to infinity, I∞.

This also corresponds to the average mutual information evaluated over infinite
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consecutive time slots as given by (4.23).

The I∞ is plotted against spiking probability for different values of Nmax and

N0 in Fig. 4.9(a) and Fig. 4.10(a), respectively. Similar to the average mutual

information, we can observe that I∞ also increases with Nmax and N0. Moreover,

I∞ is maximized over spiking probability, p, to calculate the capacity for different

values of Nmax and N0 as shown in Fig. 4.9(b) and Fig. 4.10(b), respectively. Since

changing the Nmax affects the number of RRVs, which in turn affects the steady state

probabilities of having different number of RRVs, the capacity-achieving spiking

probability also changes as shown in Fig. 4.9. However, as it can be seen in Fig.

4.10, changing N0 does not change capacity-achieving spiking probability since it is

not affecting the availability of vesicles.

It can also be observed from Fig. 4.9(b) and Fig. 4.10(b) that capacity improves

with increasing Nmax and N0, respectively. This is a result of dependence of I∞ on

these factors as explained earlier. As it can be observed in Fig. 4.10(b), the capacity

reaches the maximum value for N0 around 10. However, more number of bound

receptors is needed for spike generation, thus, there are more neurotransmitters in a

vesicle in real scenarios. Selecting the system parameters as reported in experimental

studies for hippocampal pyramidal neurons, i.e., Nmax = 10 [Agmon and Edelstein,

1997] and 500 ≤ N0 ≤ 3000 [Rusakov et al., 2011, Ventriglia and Di Maio, 2000],

the capacity of synaptic communication model for information transmission among

these neurons is calculated as C = 0.44 bits/slot = 110 bits/s. These results can

be compared with the results obtained from the diseased synapses to have an ICT-

inspired diagnosis technique for neurodegenerative diseases. Moreover, for designing

a molecular communication based nanonetworks, these results can be used to decide

about the optimal parameters to achieve maximum capacity.

4.5 Conclusion

In this chapter, we analyzed a realistic physical reference model as the most ba-

sic realization of nanonetworks that utilize neuro-spike communication paradigm

from information theoretical perspective. We formulated the mutual information
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Figure 4.10: Average mutual information of the system, system capacity and
capacity-achieving spiking probability in steady state for Nmax = 10 and different
values of N0.

between input and output of a SISO synaptic communication for a single trans-

mission. Since this system has memory, we found the average mutual information

over multiple transmissions to evaluate its overall capacity. Moreover, we derived a

closed-form expression for the capacity of synaptic transmission and calculated the

capacity-achieving spiking probability. Finally, we found the effects of change in var-

ious synaptic parameters, such as spiking probability, number of readily releasable

vesicles (RRVs) and number of neurotransmitters in a vesicle, on the information

capacity of the system.
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Chapter 5

SUM RATE OF MISO NEURO-SPIKE

COMMUNICATION CHANNEL WITH CONSTANT

SPIKING THRESHOLD

5.1 Introduction

Information theoretical analysis of neuro-spike communication is done in various

studies [Galluccio et al., 2013,Manwani and Koch, 2001,Ramezani et al., 2017,Veletić

et al., 2016b,Malak and Akan, 2013a,Ramezani and Akan, 2017e,Ramezani et al.,

2018a] using different channel models. In [Galluccio et al., 2013], Hodgkin-Huxley

(HH) model is used to calculate information capacity. In [Manwani and Koch,

2001], the information transfer rate for single-input single-output (SISO) system

is calculated using a probabilistic model, which is extended in [Ramezani et al.,

2017] to find the information rate in a SISO model with multiple synaptic terminals

between two neurons. In [Veletić et al., 2016b], the upper bound of the capacity

for a SISO synaptic communication is derived using Bernoulli distribution to model

diffusion process.

Cortical neurons need to receive stimulation from several input neurons to fire an

action potential [Bear et al., 2007]. Moreover, neurospike communication is a com-

munication paradigm for nanonetworks, where nanomachines can receive informa-

tion from several inputs. Hence, the information transfer rate for MISO neuro-spike

communication is derived in [Malak and Akan, 2013a]. However, all these studies

ignore the impact of synaptic geometry, diffusion of neurotransmitters, their clear-

ance from the synaptic cleft and the spike generation. The realistic communication

models are used in chapter 4 [Ramezani and Akan, 2017e,Ramezani et al., 2018a] to

study the capacity of vesicle release process and synaptic transmission, respectively.
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Figure 5.1: Block diagram of the communication channel between ith pre-synaptic
neuron and the output neuron.

However, the performance of the overall neuro-spike communication channel with

multiple input neurons is not considered in previous chapters.

The brain consumes dramatically lower power compared to man-made comput-

ers [Sengupta and Stemmler, 2014]. Moreover, as shown in [Harris et al., 2015],

the properties of thalamic relay synapses are set to maximize information trans-

mitted per used ATP molecule instead of information transmitted per second. The

information capacity of the H-H model and an empirical neuronal signaling model

is investigated under metabolic cost constraint in [Kostal and Kobayashi, 2015]

and [Kostal et al., 2013], respectively. It is concluded that the capacity increases as

the upper bound on the consumed metabolic energy is relaxed. Therefore, including

metabolic constraints in the model is inevitable to accurately evaluate the rate of

information transmission over neuro-spike communication channel.

In this chapter, we consider the MISO neuro-spike communication among hip-

pocampal pyramidal neurons. Thus, the input of the communication channel is spike

trains of all pre-synaptic terminals and the output is the fired spikes in post-synaptic

neuron. We consider realistic communication models for different processes involved

in this communication such as synaptic geometry, diffusion of neurotransmitters, and

their re-uptake by pre-synaptic terminal. Using this communication model and con-

sidering all possible variations in biophysical parameters of pre- and post-synaptic

neurons, we analyze the maximum achievable rate of information transmission over

our model subject to the metabolic cost constraints and derive a general closed form

equation for the sum rate of MISO neuro-spike communication channel. Moreover,

to get an insight on the impact of the number of pre-synaptic neurons on the perfor-
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mance of MISO channel while reducing the complexity of the system, we consider

the same biophysical parameters for all pre-synaptic neurons and derive a closed

form equation for the sum rate of the channel, which is later used in simulations.

Finally, we study how the performance of MISO channel is influenced by changes in

the biophysical parameters of the channel, which can happen as a result of different

diseases.

The rest of the chapter is organized as follows. In Section 5.2, we describe the

MISO synaptic channel model. In Section 5.3, we formulate the sum rate of MISO

neuro-spike communication channel under metabolic cost constraints. In Section

5.4, we present and discuss simulation results. Finally, we conclude the chapter in

Section 5.5.

5.2 Model Description

In this section, we define processes included in the MISO neuro-spike communication

channel as shown in Fig. 5.1.

5.2.1 Axonal Transmission

Linear-Nonlinear-Poisson (LNP) model is one of the neural coding models used to

encode external stimulus into spiking rate [Malak and Akan, 2013a]. According to

LNP model, the resulting spike train follows Poisson random distribution. Thus,

pre-synaptic neurons generate spike trains, Si(t), following Poisson processes with

rate λi [Ramezani and Akan, 2017e], where i ∈ [1,M ] and M is the number of

pre-synaptic inputs. After firing a spike in a pre-synaptic neuron, another spike

cannot be generated for a short time called refractory period [Bear et al., 2007].

Hence, we can divide time into windows of equal duration ∆t, where ∆t is small

enough to contain only one spike. Thus, a discrete time random variable Si[n] is

defined to indicate the occurrence of a spike in nth time step with the probability

P{Si[n] = 1} = 1− exp(−λi∆t).

Each spike is then transmitted to pre-synaptic terminals through axon. Al-

though the spike shape may change during axonal transmission [Geiger and Jonas,
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2000], more experimental data is needed to accurately model functionality of axon

[Ramezani and Akan, 2017b]. Hence, we consider the axon as an ideal filer, which

is a fairly accurate model for hippocampal pyramidal neurons since their axonal

transmission is highly reliable due to the existence of myelin sheaths and Node of

Ranviers [Veletić et al., 2016a]. Thus, the output of axonal transmission in ith

pre-synaptic neuron is Si[n].

5.2.2 Vesicle Release Process

At least two pools of vesicles exist in each pre-synaptic terminal depending on their

distance from the membrane and their mobility [Bear et al., 2007]. The pool of

vesicles that are ready for release on the arrival of spike is called readily releasable

pool (RRP) with size Ni, where i ∈ [1,M ]. Similar to [Malak and Akan, 2013a],

instantaneous replenishment of RRP after each release is considered, i.e., Ni remains

constant over time.

The rate at which vesicles are fused with the membrane of ith pre-synaptic

terminal in nth window is αi = 0.06
√
Ni [Dobrunz and Stevens, 1997]. Then, the

probability of vesicle release during nth window, i.e., Vi[n] = 1, given spike arrival

is [Malak and Akan, 2013a]

P{Vi[n] = 1|Si[n] = 1} = 1− exp(−Niαi) , Pi.

Since the spontaneous release probability is very low in hippocampal neurons [Murthy

and Stevens, 1999], we ignore it in this study, thus, P{Vi[n] = 1|Si[n] = 0} = 0.

5.2.3 Diffusion Process

Once a vesicle is released, neurotransmitters diffuse through the synaptic cleft to

reach post-synaptic density (PSD) that contains receptors. As defined in [Khan

et al., 2017], we consider a rectangular synaptic cleft for ith synapse with height Hi

and a square shaped PSD with side length Li on post-synaptic membrane. In [Khan

et al., 2017], the pre- and post-synaptic membranes are assumed to have infinite
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dimension. Then, the expected value of concentration of neurotransmitters in the

synaptic cleft from ith pre-synaptic input at time t, Ci(x, y, z, t), is given as,

Ci(x, y, z, t) =
T0

(
√
4πDct)3

e
(−x2−y2)

4Dct

{ −1∑

k=−∞

(2− Pi,u)(1− Pi,u)
−(k+1)e

−(z−(2k+1)Hi)
2

4Dct

+
∞∑

k=0

(2− Pi,u)(1− Pi,u)
ke

−(z−(2k+1)Hi)
2

4Dct

}
,

(5.1)

where T0 is the number of neurotransmitters in a vesicle, Pi,u is the uptake probabil-

ity in ith synapse and its unit is uptake per hit, Dc is diffusion coefficient, 0 ≤ t ≤ ∆t

and (x, y, z) ∈ R
2 × [0, Hi].

The neurotransmitters that reach post-synaptic terminal bind to the receptors

residing on the PSD. These receptors are assumed to be uniformly distributed on

the PSD and a small effective volume, i.e., vi,r, is considered around rth receptor

located in ith synapse such that the neurotransmitters that are inside this volume

are likely to bind with the receptor [Khan et al., 2017]. The expected concentration

of neurotransmitters inside vi,r, i.e., Cvi,r(t), is calculated in [Khan et al., 2017] as

Cvi,r(t) ≈
Ti,r(t)

|vi,r|

where Ti,r(t) is the number of neurotransmitters found inside vi,r at time t and |vi,r|
is the size of the effective volume. As shown in [Khan et al., 2017], Ti,r(t) can be

modeled by a binomial random variable, having expected value Ti,r(t) = Ti(t)Pi,r(t).

Here, Ti(t) ≤ T0 is the expected total number of unbound neurotransmitters in

the ith synaptic cleft at time t and Pi,r(t) is the probability of finding a released

neurotransmitter inside vi,r at time t. This probability is calculated in [Khan et al.,

2017] as

Pi,r(t) =

∫∫∫

vi,r

Ci(x, y, z, t)dxdydz,
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where Ci is given by (5.1) with T0 = 1, i ∈ [1,M ], r ∈ [1, R0] and R0 is the total

number of receptors on a PSD.

5.2.4 Neurotransmitter-Receptor Binding

Binding of the released neurotransmitters to receptors located on the post-synaptic

terminal can either (i) decrease the membrane potential of the output neuron, hap-

pening in inhibitory synapses, or (ii) increase it, occurring in excitatory synapses

[Bear et al., 2007]. The focus of this study is on hippocampal pyramidal neurons,

where excitatory synapses are the most abundant type [Bear et al., 2007] and the

major receptors are AMPA and NMDA. Since NMDA receptors contribute in synap-

tic plasticity, which is not addressed in this chapter, we only consider the excitatory

post-synaptic potential (EPSP) generated by AMPA receptors. Moreover, we uti-

lize the kinetic model demonstrated in Fig. 5.2 for binding of neurotransmitters to

AMPA receptors since it provides a good approximation for the time course and the

dynamic behavior of synaptic currents [Destexhe et al., 2002].

In the Kinetic model shown in Fig. 5.2, κb and κd are binding and dissociation

rates for AMPA receptors, respectively. Each receptor r, r ∈ [1, R0], located in the

synaptic terminal made by ith pre-synaptic neuron can have two states, (i) close

state, Ci,r, where the receptor is available to bind to a neurotransmitter, and (ii)

open state, Oi,r, where the receptor is bound to a neurotransmitter and cannot bind

to another one before unbinding from the current one. The expected concentration

of neurotransmitters near receptor, i.e., Cvi,r(t), controls the probability of these

states as given below.

dCi,r(t)

dt
= −κbCi,r(t)Cvi,r(t) + κdOi,r(t),

Ci,r(t) +Oi,r(t) =1,

where (n − 1)∆t ≤ t ≤ n∆t. Oi,r(t) and Ci,r(t) represent the opening and closing

probabilities of a receptor, respectively, that depend on both time and the position

of receptors.
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Figure 5.2: Kinetic scheme of AMPA receptors.

5.2.5 Post-synaptic Potential at Each Synapse

The receptors allow the influx of ions to the post-synaptic neuron after entering the

open state. This changes the post-synaptic membrane potential, which is modeled

as

ei(t) =





hi
t
tp
exp(1− t

tp
), t ≥ 0

0, t < 0

(5.2)

where hi is the peak EPSP amplitude contributed by ith synapse and tp is time to

reach the peak [Malak and Akan, 2013a].

Considering the vesicle release in nth time step, the contribution of ith synapse in

the post-synaptic membrane potential can be written as ei(t− tn) = Bi,max[n]hp(t−
tn), where hp(t) = hp

t
tp
exp(1− t

tp
), hp is the maximum membrane potential con-

tributed by each receptor, Bi,max[n] is the maximum number of bound receptors, and

tn is the beginning of nth time step. After binding to a neurotransmitter, receptors

stay in open state until EPSP reaches its maximum value [Khan et al., 2017]. Hence,

the maximum of Oi,r(t) for (n − 1)∆t ≤ t < n∆t and all receptors in ith synapse

can be used to derive Bi,max[n]. Consider Oi,r[n] = max(n−1)∆t≤t<n∆t

(
Oi,r(t)

)
and

define the variable xi,r[n] as follows.

xi,r[n] =





0, 1−Oi,r[n]

1, Oi,r[n]

Then,
R0∑
r=1

xi,r[n] shows the maximum number of open receptors during nth time

step. Hence, the probability of having j open receptors upon vesicle release can be
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derived as P{Bi,max[n] = j|Vi[n] = 1} = P{
R0∑
r=1

xi,r[n] = j}. Thus, this probability

can be modeled by Poisson Binomial distribution with mean, µi[n] =
R0∑
r=1

Oi,r[n], and

variance, σi[n]
2 =

R0∑
r=1

Oi,r[n](1−Oi,r[n]) [Fernandez and Williams, 2010].

5.2.6 Spike Generation

The EPSP generated by each synapse is integrated at soma to derive the membrane

potential of post-synaptic neuron as

E(t) = e0 +
M∑

i=1

∑

tn≤t,∀n

Vi[n]ei(t− tn) + g(t), (5.3)

where e0 is the resting membrane potential, tn is the beginning of nth time slot and

g(t) is the noise in post-synaptic membrane voltage. Different noise sources such as

thermal noise, leakage from ionic channels and synaptic noise can corrupt the mem-

brane voltage of the output neuron. Synaptic noise is due to the multiple access to

the synapse, which results in the reception of residual neurotransmitters released at

thousands of other synapses in previous time steps. Since signal of different neurons

has the same random structure and due to the central limit theorem, the probability

density function of the post-synaptic noise converges to a Gaussian process, whose

mean and variance are considered as zero and σ2
n, respectively [Malak and Akan,

2013a].

A spike occurs in the post-synaptic neuron when the changes in the post-synaptic

membrane potential is strong enough. To model this process, we consider a fixed

spiking threshold, θ0. When E(t) ≥ θ0 a spike is fired by post-synaptic neuron, i.e.,

Y [n] = 1, and the post-synaptic membrane potential is set to the resting membrane

potential, i.e., e0. While the spike generation threshold can change according to pre-

vious stimulations of the post-synaptic neuron [Kobayashi et al., 2009], considering

a fix spiking threshold provides the chance to analyze the impact of spike generation

on the performance of neuro-spike communication for the first time in the literature.
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5.3 Sum Rate Analysis with Metabolic Energy Constraint on Neuronal

Signaling

For analyzing the achievable rate of information transmission over our model, we use

basic definitions from information theory. The input and output of our model are

the spike train, Si[n] and the generated spikes at output, Y [n], respectively. Thus,

the mutual information of the channel is derived as

I(SM [n];Y [n]) = H(Y [n])−H(Y [n]|SM [n]), (5.4)

where SM [n] = {S1[n], S2[n], ..., SM [n]}. While within each time step the generated

EPSP at output neuron, i.e., E(t), changes with time, the channel model shown

in Fig. 5.1 does not vary from one time step to another time step. Moreover,

the probability distribution of spike generation at inputs does not change with time.

Furthermore, we study the situation where the width of ei(t) given in (7.1) is smaller

than discretization time step, ∆t. Hence, the channel transmission probability, i.e.,

P{Y [n]|SM [n]}, and the probability of spike generation at the output neuron, i.e.,

P{Y [n] = 1}, thus, the mutual information among input and output of the channel,

i.e., I(SM [n];Y [n]), does not depend on the time step.

The capacity region of the multiple-access channel is the maximum mutual in-

formation, maximized over all input distribution, p(SM [n]). Since in real scenario,

spike trains from different inputs are independently generated by Si[n] ∼ Poiss(λi),

the mutual information can be maximized over λi for ∀i to study the maximum

achievable rate of information transmission over this channel. Defining Ri as the

achievable rate for ith pre-synaptic neuron, the upper bound on the achievable sum

rate of the MISO channel is derived as

M∑

i=1

Ri ≤ max
∀i, λi

I(SM [n];Y [n]) , C.

Note that C is the maximum rate at which we can send information with a van-

ishingly low probability of error over this channel using the Poisson distribution for
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spike generation at input neurons. However, in physical systems, this sum rate is

limited by some physical, chemical or biological factors. In neuronal networks, one

of the significant limiting factors is the energy being consumed for neural activities,

w, in terms of number of ATP molecules, called metabolic energy. For the MISO

channel with M pre-synaptic and one post-synaptic neuron, the metabolic energy

associated with each input-output pair in nth time window is calculated as [Attwell

and Laughlin, 2001],

w(SM [n], Y [n]) = (M + 1)β∆t+ κ(Y [n] +
M∑

i=1

Si[n]),

where β = 0.342 × 109 ATP molecules per second is required to maintain resting

potential and κ = 0.71 × 109 ATP molecules is required to generate a single spike

[Kostal and Kobayashi, 2015]. Thus, the average metabolic energy consumed in nth

time step is

wp[n] =
∑

SM ,Y

w(SM [n], Y [n])p(SM [n], Y [n]). (5.5)

Considering that average consumed metabolic energy in nth time step must be

bound toW ATP molecules, the maximum achievable transmission rate of the MISO

channel under the metabolic cost constraints is given below.

C(W ) = max
∀i, λi:wp[n]≤W

I(SM [n];Y [n]). (5.6)

To derive the mutual information between input, SM [n], and output, Y [n], of the

MISO neuro-spike communication channel, we calculate p{Y [n]} and p{Y [n]|SM [n]}
in this section. The membrane potential of the post-synaptic neuron before spike

generation is given by (5.3). Since, the time is discretized, we consider that the

spikes occur at the beginning of each time slot. Thus, by selecting the ∆t greater

than or equal to the duration of Action Potential, there is no overlap among the
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EPSP in consecutive time-steps. Hence, P{Y [n] = 1} can be derived as,

P{Y [n] = 1} = P{E(t) > θ0}

= P{e0 +
M∑

i=1

Vi[n]Bi,max[n]hp(t− tn) + g(t) > θ0}.

By conditioning over V M [n] = {V1[n], V2[n], ..., VM [n]} andBM [n] = {B1,max[n], B2,max[n], ..., BM,max

the P{Y [n] = 1} can be derived as

P{Y [n] = 1} =
∑

v,b

P{BM = b, V M = v}

P
{
g(t) > θ0 − e0 −

M∑

i=1

vibihp(t− tn)|BM = b, V M = v
}
,

where v and b are 1 × M arrays with ith element vi ∈ {0, 1} and bi ∈ [0, R0],

respectively. The Gaussian noise is independent from vesicle release process and the

neurotransmitter-receptor binding, thus, we get

P{Y [n] = 1} =
∑

v,b

P{BM = b, V M = v}

P
{
g(t) > θ0 − e0 −

M∑

i=1

vibihp(t− tn)
}
.

(5.7)

In the spike generation process, Y [n] = 1 if g(t) > θ0 − e0 −
M∑
i=1

vibihp(t − tn) at

any instant of time within tn < t < tn + ∆t. Moreover, g(t) is Gaussian, thus,

P{g(t) > g0} increases as g0 decreases. Therefore, by achieving the minimum of

θ0 − e0 −
M∑
i=1

vibihp(t − tn) that happens when hp(t − tn) is maximum, (5.7) can be

simplified to,

P{Y [n] = 1} =
∑

v,b

P{BM = b, V M = v}

P
{
g(tn + tp) > θ0 − e0 −

M∑

i=1

vibihp

}
,
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where

P{BM = b, V M = v} = P{BM = b|V M = v}P{V M = v}

=

(
M∏

i=1

P{Bi,max[n] = bi|Vi[n] = vi}
)
P{V M = v}.

Here, P{Bi,max[n] = 0|Vi[n] = 0} = 1 and P{Bi,max[n] = bi|Vi[n] = 1} is given by

Poisson Binomial distribution. Moreover,

P{V M =v} =
∑

s

P{V M = v|SM = s}P{SM = s}

=
∑

s

(
M∏

i=1

P{Vi[n] = vi|Si[n] = si}
)
P{SM = s}

where s is a 1 × M array with ith element si ∈ {0, 1} and P{SM = s} depends

on the correlation among the spike trains of different inputs. Whereas, P{Vi[n] =

vi|Si[n] = si} is defined in Section 5.2.2. According to the low of total probability

P{Y [n] = 1} can be written as

P{Y [n] = 1} =
∑

s

P{Y [n] = 1|SM [n] = s}P{SM = s}

and the conditional probability P{Y [n]|SM [n]} is derived as

P{Y [n] = 1|SM [n] = s} =

∑

b,v

(
P
{
g(tn + tp) > θ0 − e0 −

M∑

i=1

vibihp

}

M∏

i=1

P{Bi,max[n] = bi|Vi[n] = vi}

M∏

i=1

P{Vi[n] = vi|Si[n] = si}
)
.

In this section, we derived the closed form equation for sum rate of MISO neuro-

spike communication channel considering a detailed channel model. To simulate
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derived equations for P{Y [n] = 1} and P{Y [n] = 1|SM [n] = s}, all possible com-

binations of b, v and s must be considered. Since bi ∈ [0, R0] and vi, si ∈ [0, 1], the

number of these combinations is RM
0 × 2M × 2M . Hence, while derived formulas can

be used to study the performance of neuro-spike communication for small values of

M , the complexity of simulating this model grows exponentially with the number

of pre-synaptic neurons, i.e., M , as a result of complexity of neuro-spike communi-

cation. Hence, to provide a framework for analyzing impacts of increasing number

of pre-synaptic terminals and variations in biophysical parameters of the channel

when M is high, we consider a simplified scenario in next section. We assume that

all pre-synaptic neurons have the same biophysical parameters and derive another

closed form equation for mutual information among input and output of the channel

under this situation. The following analysis also gives insights on the performance of

artificial nanonetworks, where identical nanomachines communicate with each other

using the communication paradigm inspired from synaptic transmission.

5.3.1 Pre-synaptic Neurons with Same Synaptic Structure

Here, we assume that biophysical parameters of all input neurons and their synapse

to the output neuron are the same, i.e., for ∀i1, i2 ∈ [1,M ] and ∀r following equations
hold.

Ni1 = Ni2 Pi1 = Pi2 Hi1 = Hi2

Li1 = Li2 Pi1,u = Pi2,u vi1,r = vi2,r

Hence, the number of spikes arrive at input determines number of released vesicles.

Consequently, the number of bound neurotransmitters to the receptors and the

generated post-synaptic potential only depend on the number of arrived spikes at

input. In other words, knowing which pre-synaptic neuron is transmitting a spike

does not affect the output. Hence, (5.4) can be written as follows.

I(SM [n];Y [n]) = H(Y [n])−H(Y [n]|
M∑

i=1

Si[n] = st). (5.8)
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In the following, we derive P{Y [n] = 1} and P{Y [n] = 1|
∑M

i=1 Si[n] = st}. By

conditioning over number of bound neurotransmitter, P{Y [n] = 1} can be written

as

P{Y [n] = 1} =
∑

bt

P
{ M∑

i=1

Vi[n]Bi,max[n] = bt

}

P
{
g(t) > θ0 − e0 − bthp

}
,

where bt ∈ [0,MR0] shows total number of bound receptors in all synapses to the

post-synaptic terminal. Since all pre-synaptic neurons and their synapse to the

post-synaptic neuron are identical, number of released vesicles is the important

parameter in finding bt and the place of release is not important. Hence, without

loss of generality, we assume that in case of j release, the vesicle release is occurred

from 1st to jth synapse. Thus, P
{∑M

i=1 Vi[n]Bi,max[n] = bt
}
can be written as

P
{ M∑

i=1

Vi[n]Bi,max[n] = bt

}
=

M∑

j=1

P
{ j∑

i=1

Bi,max = bt|
M∑

i=1

Vi[n] = j
}
P
{ M∑

i=1

Vi[n] = j
}

+ P
{ M∑

i=1

Vi[n]Bi,max[n] = bt|
M∑

i=1

Vi[n] = 0
}
P
{ M∑

i=1

Vi[n] = 0
}

where P{
∑M

i=1 Vi[n]Bi,max[n] = 0|
∑M

i=1 Vi[n] = 0} = 1. Considering j ≥ 1 released

vesicles, the total number of bound receptors, bt, cannot be greater than jR0. Hence,

for bt > jR0,

P
{ j∑

i=1

Bi,max = bt|
M∑

i=1

vi = j
}
= 0

and for bt ≤ jR0,
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P
{ j∑

i=1

Bi,max = bt|
M∑

i=1

vi = j
}
= P

{ j∑

i=1

R0∑

r=1

xi,r[n] = bt

}
,

which can be modeled by Poisson Binomial distribution with mean, µt[n], and vari-

ance, σt[n]
2, as shown in [Fernandez and Williams, 2010],

µt[n] =

j∑

i=1

R0∑

r=1

Oi,r[n] (5.9)

σt[n]
2 =

j∑

i=1

R0∑

r=1

Oi,r[n](1−Oi,r[n]). (5.10)

Next step is deriving P{∑M

i=1 Vi[n] = j}. The number of released vesicles de-

pends on the total number of spikes arrived in different pre-synaptic terminals in

nth time window. Thus,

P
{ M∑

i=1

Vi[n] = j
}
=
∑

st

P
{ M∑

i=1

Vi[n] = j|
M∑

i=1

Si[n] = st

}

P
{ M∑

i=1

Si[n] = st

}
.

Since we ignore the probability of spontaneous release in this study, number

of released vesicles to all synapses, i.e., j, cannot be greater than total number of

arrived spikes to all pre-synaptic terminals, i.e., st. Hence, for j > st,

P
{ M∑

i=1

Vi[n] = j|
M∑

i=1

Si[n] = st

}
= 0
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and for j ≤ st,

P
{ M∑

i=1

Vi[n] = j|
M∑

i=1

Si[n] = st

}
=

(
st
j

)
P j
i (1− Pi)

st−j.

According to the low of total probability P{Y [n] = 1} can be written as

P{Y [n] = 1} =
M∑

st=0

(
P
{
Y [n] = 1|

M∑

i=1

Si[n] = st

}

P
{ M∑

i=1

Si[n] = st

})

and the conditional probability p{Y [n]|
∑M

i=1 Si[n] = st} is derived as

P
{
Y [n] = 1|

M∑

i=1

Si[n] = st

}
=

st∑

j=1

jR0∑

bt=0

P
{
g(t) > θ0 − e0 − bthp

}

P{
j∑

i=1

R0∑

r=1

xi,r[n] = bt}
(
st
j

)
P j
i (1− Pi)

st−j

+ P
{
g(t) > θ0 − e0

}
(1− Pi)

st .

Note that the second term of this equation is derived for j = 0 and consequently

bt = 0.

Considering spike arrival in different pre-synaptic neurons as independent, the

probability of having st spikes in all pre-synaptic terminals, i.e., P{
∑M

i=1 Si[n] = st}
is derived based on Poisson-Binomial distribution with mean, µst, and, variance, σ

2
st,

given below.

µst =
M∑

i=1

P{Si[n] = 1}, (5.11)

σst[n]
2 =

M∑

i=1

P{Si[n] = 1}
(
1− P{Si[n] = 1}

)
.
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Table 5.1: Simulation Parameters for MISO Channel

Parameters Symbols Values

Time to peak of EPSP tp 220 µs [Khan et al., 2017]

Size of RRP Ni for ∀i 10 [Schikorski and Stevens, 1997]

Resting potential e0 −65 mV

Spiking threshold θ0 −45 mV [Plonsey and Barr, 2007]

Noise standard deviation σn 0.1 mV [Malak and Akan, 2013a]

Neurotransmitters/vesicle T0 300

Synaptic cleft height Hi for ∀i 20 nm [Savtchenko and Rusakov, 2007]

Diffusion coefficient Dc 0.33 µm2/ms [Nielsen et al., 2004]

Side length of PSD Li for ∀i 0.4 µm [Khan et al., 2017]

Receptor density [AMPA] 500/µm2 [Montes et al., 2015]

Pre-synaptic re-uptake Pi,u for ∀i 10% [Khan et al., 2017]

Binding rate of AMPA κb 78× 106 1
Ms

AMPA Dissociation rate κd 750 s−1 [Agmon and Edelstein, 1997]

Effective volume |Vi,r| for ∀i, r 1× 1× 0.5 nm3

Simulation time step ∆τ 3.85 ns [Khan et al., 2017]

Time step, spike width ∆t = ∆ts 4 ms [Ramezani and Akan, 2017e]

Note that by using same spike rate for different pre-synaptic terminals, P{
∑M

i=1 Si[n] =

st} can be derived based on Binomial distribution with mean, µst, and, variance,

σ2
st.

5.4 Simulation Results and Discussion

In this section, we evaluate the sum rate of MISO neuro-spike communication chan-

nel by considering same characteristics for all pre-synaptic inputs given in Table

I. Moreover, we consider that all pre-synaptic neurons use same spiking rate, i.e,

λi = λ. Note that we utilize a smaller simulation time step, called ∆τ , within ∆t to

derive Oi,r(t) [Khan et al., 2017]. Moreover, the peak EPSP amplitude contributed

by ith synapse is calculated as hi = hpBi,max[n], where hp is fixed such that hi = 1

mV for parameters given in Table I [Malak and Akan, 2013a]. Variations in param-
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Figure 5.3: (a) Mutual information, I, (b) average consumed metabolic energy, wp,
and (c) maximum achievable sum rate for different number of neurons, M.

eters may lead to different values of hi as Bi,max[n] may change. Furthermore, tp

depends on synaptic parameters such as number of neurotransmitters in each vesicle,

re-uptake probability, synaptic geometries, and offset in vesicle release site [Khan

et al., 2017]. If these parameters change in a way that tp increases, the shape of ei(t)

widens, which can result in ei(t) that is wider than the discretization time step, ∆t.

In this case, the probability of spike generation at output, i.e., P{Y [n] = 1}, de-
pends on released vesicles in previous time steps, thus the mutual information of the

channel changes with time, which is not under the focus of this study. The results

reported in this section give insight in the way neurons communicate and the per-

formance of nanonetwork designed based on neuro-spike communication paradigm.

Further studies are required to investigate impacts of selecting synaptic parameters

that lead to bigger values of tp on the performance of this communication channel.

5.4.1 Mutual Information

In this section, we evaluate impacts of changes in spiking rate, λ, and the number

of inputs, M , on the mutual information between input and output of the channel,

I.

To generate a spike in post-synaptic terminal, its membrane potential needs

to increase from resting potential, i.e., e0 = −65mV, to spiking threshold, i.e.,

θ0 = −45mV. Two factors are important in finding the average number of spikes

needed at input to cause this required potential change (i) vesicle release probability
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after spike arrival to a pre-synaptic terminal, i.e., Pi = 0.85, and (ii) the average

contribution of each pre-synaptic terminal in post-synaptic membrane potential after

vesicle release, which is considered as Bi,max[n]hp = 1mV same as [Malak and Akan,

2013a]. Hence, on average, arrival of more than θ0−e0
Bi,max[n]hpPi

= 23.52 spikes in all pre-

synaptic terminals is needed to generate a spike in post-synaptic neuron. Moreover,

the average number of spikes arrive to all pre-synaptic terminals is µst = M
(
1 −

exp(−λ∆t)
)
according to (5.11). Hence, the probability of spike generation in post-

synaptic terminal tends to zero for M ≤ 23 independent from the activation of

pre-synaptic terminals, thus, the mutual information between input and output of

the channel is negligible as shown in Fig. 5.3. However, the chance of arrival of

enough spikes for activating post-synaptic terminal increases for higher values of M .

As it is shown in the Fig. 5.3(a), for M ∈ [30, 50, 70, 100], increasing λ first

improves the mutual information between input and output until reaching its max-

imum value. Then, further increase in λ decreases the mutual information. The

reasons of this trend is investigated in the following.

• For small values of λ, the probability of spike arrival in each pre-synaptic

terminal during a time step, i.e., P{Si[n] = 1} = 1 − exp(−λ∆t), is very

small. Thus, the total number of spikes arrived in all pre-synaptic input is

insufficient to fire a spike in post-synaptic neuron. Hence, if λ is small, the

probability of spike generation in post-synaptic terminal, thus, the mutual

information between input and output of the channel, tends to zero.

• For very big values of λ, the probability of spike arrival in each pre-synaptic

terminal tends to 1. Thus, if the number of input neurons, M , is high enough,

there is sufficient number of spikes in all pre-synaptic inputs to generate a spike

in post-synaptic terminal during all time steps. Hence, the mutual information

between input and output of the channel tends to zero.

• Increasing spiking rate, λ, monotonically increases the probability of spike ar-

rival in ith pre-synaptic terminal, which in turn increases the number of all
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Figure 5.4: (a) Sum rate of MISO synaptic channel with metabolic cost constraint
(b) the spiking rate that maximizes the sum rate, i.e., λop and (c) the maximum
achievable sum rate per unit metabolic energy.

spikes arrived in all pre-synaptic neurons. Hence, the probability of spike gen-

eration in post-synaptic terminal, i.e., P{Y [n] = 1} monotonically increases

from 0 in low values of λ to 1 in higher values of λ. Note that, the maximum

mutual information happens when P{Y [n] = 1} reaches an optimum value.

Moreover, I becomes less than its maximum value for pre-synaptic activities

causing higher or lower P{Y [n] = 1} compared to its optimum value. Hence,

increase in spiking rate, λ, increases the mutual information, I, until reach-

ing its maximum value as shown in Fig. 5.3(a). However, after reaching the

maximum mutual information, increasing λ decreases I since it causes more

deviation from optimum value of P{Y [n] = 1}.

Moreover, since the average number of spikes arrive to all pre-synaptic terminals is

µst = M(1 − exp(−λ∆t)), the maximum mutual information can be achieved with

lower value of M if λ is increased.

As it is shown in Fig. 5.3(a), the changes in mutual information with respect

to λ is faster for higher values of M . This makes the performance of the system

sensitive to jitters in λ for higher values of M , which should be considered in future

applications of this communication paradigm.

The average consumed metabolic energy, wp, for different spiking rates, λ, and

number of input neurons, M , is shown in Fig. 5.3(b). Either increasing λ or M

increases the number of spikes at the input, which in turn increases the average
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required metabolic energy, wp, based on (5.5). Moreover, the metabolic energy

required to maintain resting potential also increases for higher values of M .

5.4.2 Performance for Different Number of Pre-synaptic Inputs

The sum rate of the MISO channel without considering the metabolic cost constraint

is calculated by maximizing the mutual information, shown in Fig. 5.3(a), over λ.

As depicted in Fig. 5.3(c), higher number of pre-synaptic terminals, M , increases the

maximum achievable sum rate, i.e., C, since the average and standard deviation of

number of spikes in the input increases. However, the increase rate of C is decreasing

by increasing M. This should be considered in design of nanoscale communication

systems based on neuro-spike communication since increasing number of inputs does

not efficiently improve the achievable sum rate of the system.

5.4.3 Maximum Achievable Sum Rate Versus Metabolic Cost

Limiting the average metabolic energy available for this MISO communication, i.e.,

W , controls the average number of pre-synaptic terminals that can have a spike in a

given time step. Hence, it affects the maximum achievable mutual information. The

maximum achievable sum rate of the MISO channel as a function of W is shown in

Fig. 5.4(a) for different number of pre-synaptic neurons. The dotted lines in this

figure show the sum rate that can be achieved for a particular number of inputs in

the absence of metabolic cost constraint.

By increasing W more number of spikes are allowed in the input, which increases

the mutual information as observed in Fig. 5.3(a). Hence, relaxing the upper bound

on the average consumed metabolic energy increases the maximum achievable sum

rate of the channel, C(W ), as it is shown in Fig. 5.4(a). Moreover, C(W ) increases

with almost the same rate for each M since it is a function of average number of

spikes allowed at the input, which is not affected by changing M for a constant W .

As it is shown in Fig. 5.4(a), C(W ) is saturating after reaching the peak of mutual

information for each value of M . Furthermore, this peak is occurring at almost the

same value of W for all M since it depends on number of pre-synaptic input and
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the required metabolic energy for spike generation is very higher than the required

energy for achieving resting potential in neurons. However, it can be observed that

as number of pre-synaptic inputs increases a slightly higher W is required to achieve

the peak of mutual information.

The average number of spikes in the input of the MISO neuro-spike communi-

cation is limited by the metabolic cost constraint, i.e., wp < W . Hence, possible

values of spiking rate, λ, that can be used to calculate the maximum achievable sum

rate in (5.6) is changing for different values of W . Values of spiking threshold that

maximizes the the sum rate, i.e., λop, are shown in Fig. 5.4(b) for different values of

W . Since increasing W allows bigger values of λ to be used in (5.6), we can observe

that higher λop is obtained for bigger values of W for each M . It is also shown

in Fig. 5.4(b) that λop saturates at the value corresponding to the peak of mutual

information in Fig. 5.3(a). Moreover, the maximum sum rate is achieved at lower

λop for higher values of M since average number of spikes at the input increases with

increasing M for a certain value of λ.

5.4.4 Information-Cost Efficiency

The amount of consumed metabolic energy is an important factor in determining the

rate of error free information transmission between brain and the outside world. As

shown in Fig. 5.4(a), the sum rate of MISO neuro-spike communication increases

with increasing W until reaching a saturation point. After this point, providing

more metabolic energy does not improve the achievable sum rate. Hence, we find

a trade-off in terms of information-cost efficiency, E(W ) = C(W )
W

, as shown in Fig.

5.4(c). The parameter E(W ), showing the maximum achievable sum rate per unit

metabolic energy, can be used to select the optimum value ofW in designing a MISO

neuro-spike communication system . It can be observed that if enough metabolic

energy is not provided for the system, the number of active inputs are decreased,

thus reducing the maximum achievable sum rate. Moreover, increasing the available

metabolic energy after reaching the peak of E(W ) does not improve the performance

of the system.
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Figure 5.5: Sum rate of MISO synaptic channel with metabolic cost constraint con-
sidering M = 150 and different (a) spiking thresholds, (b) number of released neu-
rotransmitter, (c) synaptic cleft heights, (d) synaptic cleft side lengths, (e) density
of receptors, (f) uptake probabilities.

5.4.5 Impacts of Spike Generation Thresholds on Sum Rate

The spike generation threshold changes according to the memory of postsynaptic

neuron [Kobayashi et al., 2009], which can affect the information transmission over

the MISO neuro-spike communication channel. Here, we utilize the closed form

equation derived for the sum rate of the MISO synaptic channel with constant spik-

ing threshold in Section III, and find the impact of variations in the spiking threshold

on the performance of the channel. As depicted in Fig. 5.5(a), more metabolic en-

ergy is required to reach the peak of C(W ) by increasing the spiking threshold, θ,

since more number of spikes are required in the input for spike generation at output

neuron. Moreover, the peak of C(W ) decreases with increasing spiking threshold,

θ0, when M is constant as shown in Fig. 5.5(a), which is the same as observations in

Fig. 5.3(c). The reason is that changes in θ0 −E(t), which is important in deriving

the probability of spike generation at output neuron, is the same for (i) increasing
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spiking threshold θ0 when number of input neurons is constant, considered in Fig.

5.5(a), and (ii) decreasing number of input neurons M , which leads to smaller E(t),

when spiking threshold, θ0, is constant, studied in Fig. 5.3(c).

5.4.6 Sum Rate vs Number of Released Neurotransmitters

One of the important factors for the performance of neuro-spike communication

channel is the number of neuro-transmitters in each vesicle, which can be different

from one neuron to another one and can also be affected by different diseases such

as Parkinson [Hornykiewicz, 1998]. Here, we analyze how changes in number of

neurotransmitters in a vesicle, T0, affects the performance of MISO neuro-spike

communication channel. By increasing T0, number of bound neurotransmitters per

vesicle release increases which results in higher amplitude of EPSP per synapse. This

scenario is equivalent with increasingM when T0 is fix, for which changes in sum rate

is shown in Fig. 5.3(c). Hence, the peak of C(W ) is higher for bigger values of T0

as shown in Fig. 5.5(b). Furthermore, bigger values of EPSP per synapse results in

need for less number of pre-synaptic spikes to fire a spike at output neuron. Hence,

the peak of C(W ) is reached with consuming lower metabolic energy. Moreover,

changes in C(W ) caused by increasing T0 saturate since the available number of

receptors in postsynaptic neuron is limited and almost all of them are bound to a

neurotransmitter in the saturation point. Hence, further increase of T0 does not

affect the EPSP generation and the performance of this channel.

5.4.7 Sum Rate for Different Synaptic Geometries

Synaptic geometries strongly affect the number of neurotransmitters that bind to

receptors of since by increasing either the height or the length of the synapse, the

distance that neurotransmitters need to pave to reach receptors increases. This in-

creases the chance of diffusion of neurotransmitters to outside of synaptic cleft or

re-uptake of them by pre-synaptic terminal, which results in reduction of the am-

plitude of EPSP generated per vesicle release. Hence, more number of pre-synaptic

spikes, thus, more metabolic energy, is required for spike generation. As a result,
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peak of C(W ) occurs at higher values of W as shown in Fig. 5.5(c) and Fig. 5.5(d).

5.4.8 Sum Rate vs Density of Post-synaptic Receptors

Increasing the density of post-synaptic receptors, increases the number of bound

neurotransmitters, thus, the peak of EPSP generated, per vesicle release. These

consequences are the same with the outcomes of increasing number of neurotrans-

mitters per vesicle when the density of receptors is constant as discussed in Section

5.4.6. Hence, increasing the receptors density results in bigger peak of C(W ) and

the occurrence of peak at lower W as shown in Fig. 5.5(e). Moreover, the amount of

changes in C(W ) reduces by increasing density of receptors since after some point the

released neurotransmitters are not enough for binding to the newly added receptors.

5.4.9 Sum Rate vs Clearance of Neurotransmitters from Synapse

In this section, we study the impact of changes in the probability of uptake of

neuro-transmitters by pre-synaptic neurons, Pi,u, on the performance of MISO neuro

spike communication. Increasing Pi,u reduces number of bound neurotransmitters to

receptors of post-synaptic neuron, thus, decreases the amplitude of EPSP generated,

per vesicle release. These consequences are the same with the outcomes of decreasing

number of neurotransmitters per vesicle when Pi,u is constant as discussed in Section

5.4.6. Hence, increasing Pi,u results in smaller peak of C(W ) and the occurrence of

peak at higher W as shown in Fig. 5.5(f).

5.5 Conclusion

Certain limitations and constraints exist on the transmission capacity of a MISO

neuro-spike communication system as a result of different stochastic processes in-

volved in it and the available metabolic energy for neurons to carry out their routine

processing. In this chapter, we derived the closed form equation for the mutual in-

formation between input and output of a MISO neuro-spike communication system.

Moreover, we quantified the maximum rate of information transmission after tak-



Chapter 5: Sum Rate of MISO Neuro-spike Communication Channel with Constant

Spiking Threshold 107

ing into account the consumed metabolic energy in terms of ATP molecules. Fur-

thermore, we have studied impacts of number of pre-synaptic terminals, biological

parameters of the channel and available metabolic energy on the maximum achiev-

able sum rate of the MISO neuro-spike communication. The results provided in

this chapter gives insights on (i) selecting channel parameters while designing bio-

inspired nanonetworks based on neuro-spike communication and (ii) the impact of

diseases that change the neuro-spike communication channel characteristics on the

performance of nervous nanonetwork.
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Chapter 6

SUM RATE ANALYSIS OF MULTIPLE-ACCESS

NEURO-SPIKE COMMUNICATION CHANNEL WITH

DYNAMIC SPIKING THRESHOLD

6.1 Introduction

In pyramidal neurons multiple pre-synaptic neurons contribute to fire a spike in

the postsynaptic neuron [Bear et al., 2007]. Therefore, the information transfer

rate for MISO neuro-spike communication is derived in [Malak and Akan, 2013a].

Brain is one of the most expensive organs of any living organism in terms of energy

consumption [Laughlin and Sejnowski, 2003,Sengupta et al., 2013]. The generation

of the spike and changes in membrane potential consume most of the energy reserved

for the brain as it involves opening and closing of numerous ionic channels on the cell

membrane [Attwell and Laughlin, 2001]. Thus, the maximum achievable sum rate

of the MISO channel is analyzed in chapter 5 [Ramezani et al., 2018b] considering

a realistic channel model with metabolic energy constraint. This study uses spike

generation model for the postsynaptic neuron with constant spiking threshold.

It is evident from different neurological studies that the spiking threshold of

cortical neurons displays large variability over time, profoundly influencing the en-

coding of information into a spike train [Platkiewicz and Brette, 2010, Kobayashi

et al., 2009,Fontaine et al., 2014]. Thus, the adaptive nature of the spiking thresh-

old causes variation in neuronal response with respect to time, i.e., it is responsible

for short-term plasticity [Mejias and Torres, 2011]. Short-term synaptic plastic-

ity leads to short-term changes in synaptic function, lasting from milliseconds to

minutes, and regulates the moment-to-moment information flow through a neural

circuit. Although in [Ramezani et al., 2018a], a SISO time-variant channel with
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Figure 6.1: MISO Neuro-spike Communication Channel.

variable vesicle release probability has been analyzed, however, the effect of the dy-

namic spiking threshold on the information flow has not been addressed in any of

the studies so far. Therefore, in this article we aim to quantify the variation in the

mutual information with respect to time caused by the adaptive spiking threshold

in MISO neuro-spike communication channel.

The brain consists of a variety of neurons having different characteristics. Thus,

we need a model that incorporates dynamics of the spiking threshold into its re-

sponses as well as capable of reproducing spike response of any type of neuron.

In INCF Quantitative Single-Neuron Modeling competition, participants were chal-

lenged to develop a model that fits to the spiking data from different neurons

[Rossant et al., 2011]. The most accurate one on the training data was the multi-

timescale adaptive threshold (MAT)-model predicting 86% of the reliable spikes

[Kobayashi et al., 2009]. MAT-model is a simple integrate-and-fire model having

adaptive threshold comprising of a summation of two components that increase at

the occurrence of every spike and decay towards a resting value with different time

constants. Therefore, in this chapter, we enumerate maximum achievable sum rate

of the MISO neuro-spike communication channel by integrating MAT-model as spike

generation mechanism under metabolic energy constraints. Furthermore, we analyze
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the responses of three types of postsynaptic neurons, i.e., regular spiking (RS) neu-

ron, intrinsic bursting (IB) neuron and fast spiking (FS) neuron, and compare their

achievable rates. Moreover, we analyze the trade-off between achievable sum rates

and the metabolic cost incurred, by calculating information-cost efficiency. Thus,

the main objective of this study is to analyze time varying MISO neuro-spike com-

munication channel by incorporating the effect of complex adaptive nature of the

spiking threshold as well as available metabolic energy on the achievable sum rate

of multiple access neuro-spike communication. Such analysis is necessary to provide

the theoretical foundations on the performance of the neuronal networks before the

practical implementation of bio-inspired nanonetworks. Moreover, the performance

analysis of the neuronal network with different types of neurons are important in

order to develop ICT-based diagnosis and treatment techniques for neurological dis-

eases in future. Furthermore, the models of different types of neurons would enable

us to select the best suited neuron type for a particular application of the bio-inspired

nanonetworks based on neuron characteristics, such as, less power consumption or

high encoding/transmission rates.

The rest of the chapter is organized as follows. In Section 6.2, we describe the

MISO neuro-spike communication model. In Section 6.3, we formulate the mu-

tual information and sum rate of MISO neuro-spike communication channel under

metabolic cost constraints. In Section 6.4, we present the numerical results. Finally,

we conclude the chapter in Section 6.5.

6.2 Model Description

The basic morphology of neurons is shown in Fig. 6.1. The spike is generated at

the soma or the cell body of a neuron and propagates through its axon to reach ax-

onal terminal. There exists a small gap, called synapse, between any two neurons.

Thus, the information transfer between neurons occurs through chemical messengers

known as neurotransmitters. The axonal terminal contains vesicles, i.e., the packets

of neurotransmitters, which are released in response to the spike. These neurotrans-

mitters diffuse through the synaptic cleft to reach postsynaptic neuron [Bear et al.,
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Figure 6.2: Block diagram of the MISO neuro-spike communication channel.

2007]. The binding of neurotransmitters with the receptors present on the post-

synaptic terminal opens ionic channels causing ionic influx or efflux. This ionic flow

changes the post-synaptic membrane potential. If this change is greater than the

threshold value, the spike is generated in the post-synaptic neuron. This study is

based on a MISO neuro-spike communication channel, where a single post-synaptic

neuron receives and processes information from the multiple pre-synaptic neurons

as shown in Fig. 6.1. In this section, we define individual subprocesses of the MISO

neuro-spike communication channel model shown in Fig. 6.2.

6.2.1 Vesicle Release Process

Each pre-synaptic neuron generates a spike train, Si(t), i ∈ [1,M ], where M is the

number of pre-synaptic neurons. In [Malak and Akan, 2013a] and [Aghababaiyan

et al., 2018b], these spike trains are modeled as doubly Poisson process, i.e., a

Poisson process with a time-varying spiking rate. However, to highlight the im-

pact of the adaptive spiking threshold on the information transfer, we simplify the

model by ignoring the variation in rate with time. Thus, the spike trains gener-

ated by pre-synaptic neurons are modeled by Poisson processes with constant rate

λi [Ramezani and Akan, 2017e]. Few information and communication theoretical

studies have focused on modeling the memory and signal transmission errors during

axonal transmission and their impact on the performance of neuro-spike communica-
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Figure 6.3: Spike generation with MAT model: θ(t) represents the threshold dynam-
ics with the resting value θrest and E(t) is the membrane potential with the resting
value Vrest (adapted from [Kobayashi et al., 2009]).

tion [Aghababaiyan et al., 2018b,Ramezani and Akan, 2017a,Ramezani and Akan,

2018]. However, the pyramidal neurons have myelinated axons, thus, the axonal

transmission is highly reliable in these neurons when they are healthy. Thus, the

axon is considered as all pass filter. Therefore, the same spike train is assumed to

be received at the pre-synaptic terminal.

The spike arrival at each pre-synaptic terminal causes vesicle release, which is

modeled using pool-based release and replenishment model in the literature [Matveev

and Wang, 2000]. The available vesicles in the pre-synaptic terminal are divided into

at least two groups or pools depending on their distance from the membrane and

their mobility. The group comprising the vesicles that are ready to be released upon

the arrival of spike and are the nearest to the membrane is called readily releasable

pool (RRP) with size Ni in i-th pre-synaptic terminal. The remaining vesicles are

in reserve pool, which are used to refill the RRP after each release. In this work, we

consider the instantaneous replenishment of the ready pool same as in [Malak and

Akan, 2013a], thus, Ni does not change with time.

We divide time in windows of equal duration, ∆t, which is small enough to have

only one spike. Thus, ∆t is selected equal to refractory period, i.e., 2 ms [Kobayashi

et al., 2009], which is the minimum allowed time interval between two consecutive

spikes. During refractory period neuron does not fire even if the potential exceeds the
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threshold. Thus, the probability of vesicle release from i-th pre-synaptic terminal

during n-th window is derived based on pool-based release model [Ramezani and

Akan, 2017e] as

P{Vi[n] = 1|Si[n] = 1} = 1− exp (−αiNi) , pi, (6.1)

where αi = 0.06
√
Ni is the rate at which vesicles are fused with the membrane to

get released [Dobrunz and Stevens, 1997], Si[n] = 1 and Vi[n] = 1 indicate the spike

arrival and vesicle release, respectively.

6.2.2 Postsynaptic response at each synapse

After each release, the post-synaptic potential caused by i-th synapse is modeled

as [Malak and Akan, 2013a]

ei(t) =





qihi
t
tp
exp (1− t

tp
), if t ≥ 0

0, if t < 0

(6.2)

where tp is the time to reach the peak amplitude, hi is the peak EPSP amplitude

generated at i-th synapse and qi introduces the trial to trial variability in the magni-

tude of EPSP at each synapse due to random variations in the synaptic parameters

such as the number of neurotransmitters per vesicle, number of neurotransmitters

reaching post-synaptic membrane, number and state of available receptors and bind-

ing probability of receptors. In this work, qi is modeled as Gamma random variable

as in [Malak and Akan, 2013a].

6.2.3 Spike Generation

The total membrane potential E(t) at post-synaptic neuron contributed by all the

inputs is given as
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E(t) = vrest +
M∑

i=1

∑

tn≤t,∀n

Vi[n]ei(t− tn) + g(t), (6.3)

where vrest is the membrane resting potential, tn is the beginning of n-th time

window and g(t) is the synaptic noise modeled by Gaussian distribution with zero

mean and variance σ2
n [Malak and Akan, 2013a]. The inner sum in (6.3) accounts for

the temporal summation of the membrane potential at individual synapses and the

outer sum gives the spatial summation of membrane potential across all synapses. A

spike occurs in the post-synaptic neuron, i.e., Y [n] = 1, when E(t) reaches spiking

threshold called θ(t), i.e., E(t) ≥ θ(t) for (n− 1)∆t ≤ t < ∆t.

In this work, we use the spike generation model developed in [Kobayashi et al.,

2009] called multiple-timescale adaptive threshold (MAT) model. This model offers

low computational cost as compared to other nonlinear complex biophysical models

for spike generation. In adaptive threshold models, the threshold is not assumed

constant since it has been observed to be varied with time [Fontaine et al., 2014].

Therefore, in MAT model, a dynamic threshold, i.e., θ(t), is considered that increases

when spike occurs and then decays exponentially with multiple timescales towards

the resting value θrest as shown in Fig. 3. The adaptive threshold, θ(t), is given as

θ(t) =
∑

k

H(t− tk) + θrest, (6.4)

where

H(t) =
L∑

j=1

βj exp (−t/τj), (6.5)

where tk is the time for generation of k-th spike in post-synaptic neuron, L is the

number of timescales or exponential functions, τj is the j-th time constant for ex-

ponential function, βj is the weight of the j-th exponential function and θrest is the

resting value for the threshold. In [Kobayashi et al., 2009], these parameters were
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optimized to maximize the degree of coincidence of a model spike train with a real

spike train.

As apparent from its name, MAT model utilizes multiple timescales, i.e., multiple

τj’s to predict the spike timings. Thus, in (6.4), θ(t) decays exponentially with L

time constants. In [Kobayashi et al., 2009], τj are selected from 10, 50 and 200 ms

and the optimal performance was achieved with the combination of two timescales,

i.e., L=2, with τ1 = 10 ms and τ2 = 200 ms. The performance of the MAT model

found to be superior than the standard models like HH, LIF and SRM models in

predicting the spike timings with the score of 0.89± 0.21.

6.3 Rate Region Analysis with Metabolic Energy constraint on neu-

ronal signaling

In this section, we analyze information transmission rate of the MISO neuro-spike

communication channel. The input spike generated at the i-th pre-synaptic neuron is

defined as Si[n] and the output spike generated by a post-synaptic neuron is denoted

as Y [n] in the n-th time slot. Thus, the mutual information between SM [n] =

{S1[n], S2[n], ..., SM [n]}, as input, and Y [n] can be written as

I(SM [n];Y [n]) = H(Y [n])−H(Y [n]|SM [n]). (6.6)

The total capacity of the MISO channel is the I(SM [n];Y [n]) maximized over

all input distribution, p(SM [n]). Since we are considering the spike generation in all

pre-synaptic neurons based on Poisson distribution, the mutual information can be

maximized over λi for ∀i to find the maximum achievable sum rate. Defining Ri[n]

as the achievable rate for the i-th pre-synaptic neuron in n-th window, the upper

bound on the achievable sum rate of the MISO channel is derived as

M∑

i=1

Ri[n] ≤ max
∀i, λi

I(SM [n];Y [n]) , C[n]. (6.7)

Since the spiking threshold is changing over time, the mutual information, thus,
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C[n], would change in each time step. Therefore, the maximum achievable sum rate

of the time-varying MISO channel is defined as

C = lim
n→∞

max
∀i, λi

n∑

l=1

I(SM [l];Y [l])

n
, (6.8)

where n increases with the number of time slots. However, in neuro-spike com-

munication channel the achievable rate is limited by the metabolic cost of neural

activities, in terms of number of ATP molecules used. Major portion of these ATP

molecules are used for maintaining the resting membrane potential as well as spike

generation. For the given MISO channel with M pre-synaptic and one post-synaptic

neuron, the metabolic energy consumed in the n-th time interval can be calculated

as [Attwell and Laughlin, 2001],

w(SM [n], Y [n]) = (M + 1)β∆t+ κ(Y [n] +
M∑

i=1

Si[n]), (6.9)

where β = 0.342 × 109 ATP molecules per second required to maintain resting

potential and κ = 0.71 × 109 ATP molecules required to generate a single spike

[Kostal and Kobayashi, 2015]. Thus, the average metabolic energy consumed during

the n-th time step is

wp[n] =
∑

SM ,Y

w(SM [n], Y [n])p(SM [n], Y [n]). (6.10)

According to the energy consumption explained above, the maximum achievable

rate of the MISO channel would become a function of maximum possible value of

wp[n], i.e, W , hence,

C(W ) = lim
n→∞

max
∀i: λi,

∀l∈[1,n]: wp[l]≤W

n∑

l=1

I(SM [l];Y [l])

n
. (6.11)
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Figure 6.4: Threshold dynamics of different types of postsynaptic neurons for spiking
rate, λ = 100, and different number of pre-synaptic neurons, M .
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Figure 6.5: Convergence of I(SM [n];Y [n]) (dotted lines) and Kullback Leibler dis-
tances (solid lines) between the distribution of θ(t) in different time steps (p(x)) and
the distribution in 150-th time step (q(x)) for M = 50 and different spiking rates λ.

6.4 Simulation Results and Discussion

In this section, we simulate the MISO neuro-spike communication channel model

described in Section 6.2 with the numerical data available in the literature as given

in Table 6.1. We consider M pre-synaptic neurons terminating at a single post-

synaptic neuron. We generate spike train in each pre-synaptic neuron using Poisson

distribution with the same rate for all inputs, i.e, λi = λ.

6.4.1 Dynamic Spiking Threshold

We simulate our model for three different types of postsynaptic neurons, i.e., regular

spiking (RS) neuron (θrest = 19 mV, β1 = 37 mV, β2 = 2 mV), intrinsic bursting
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(IB) neuron (θrest = 26 mV, β1 = 1.7 mV, β2 = 2 mV) and fast spiking (FS) neuron

(θrest = 11 mV, β1 = 10 mV, β2 = 0.002 mV) [Kobayashi et al., 2009]. Note that

the given values of θrest in all three cases are with reference to vrest. The values and

the number of timescales, i.e., τj and L, respectively, are the same for each type

of neuron as mentioned in Section 6.2.3 and the model has been tailored to suit

individual neuron by adjusting the amount of fast (τ1 = 10 ms) and slow (τ2 = 200

ms) dynamics, i.e., by tuning βj’s [Kobayashi et al., 2009]. The variation in dynamic

spiking threshold with respect to time is shown in Fig. 6.4 for different number of

pre-synaptic neurons, M.

According to (6.4), the spiking threshold rises whenever spike is generated and

decays back towards the resting value. It is shown in Fig. 6.4(c) that FS neuron can

produce high number of output spikes with a very few inputs due to lower resting

threshold and fast decay of the threshold. However, in IB neuron, resting value is

very high and the decay is very slow as compared to RS and FS neurons, thus, it

takes longer to produce spike with fewer inputs. However, as the number of inputs

increases, the number of output spikes also increases approaching the behavior of

FS neuron. Moreover, as can be observed in Fig. 6.4(a), the RS neuron maintains

Table 6.1: Simulation Parameters for Dynamic Threshold

Parameters Symbols Values

Normalized EPSP amplitude hi for ∀i 1 mV [Malak and Akan, 2013a]

Time to peak of EPSP tp 3.85 µs [Khan et al., 2017]

Size of RRP Ni for ∀i 10 [Schikorski and Stevens, 1997]

# of Threshold time constants L 2 [Kobayashi et al., 2009]

Threshold time constants τ1, τ2 10, 200 ms [Kobayashi et al., 2009]

Threshold exponents Weights α1, α2 37, 2 mV [Kobayashi et al., 2009]

Resting Potential vrest −65 mV

Resting threshold (w.r.t vrest) θrest 19 mV [Kobayashi et al., 2009]

Mean and variance of qi q̄, σ2
q 1, 0.6 [Malak and Akan, 2013a]

Noise standard deviation σn 0.1 mV [Malak and Akan, 2013a]



Chapter 6: Sum Rate Analysis of Multiple-Access Neuro-Spike Communication Channel

with Dynamic Spiking Threshold 119

0 100 200 300 400 500

 [Hz] 

0

0.05

0.1

0.15

0.2

I [
bi

ts
/tr

an
sm

is
si

on
]

M=20
M=80

M=150
M=300

M=500
M=800

M=1100
M=1500

(a) Regular spiking neurons.

0 100 200 300 400 500

 [Hz] 

0

0.05

0.1

0.15

0.2

0.25

0.3

I [
bi

ts
/tr

an
sm

is
si

on
]

M=20
M=50

M=100
M=200

M=400
M=600

M=800
M=1000

(b) Intrinsically bursting neu-
rons.
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(c) Fast spiking neurons.
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(d) Regular spiking neurons.
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(e) Intrinsically bursting neu-
rons.
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(f) Fast spiking neurons.

Figure 6.6: (a-c) Mutual information, I, and (d-f) average metabolic cost, wp, for
different number of pre-synaptic neurons, M, and spiking rates, λ.

regular spiking behavior over a large range of inputs for the given input spiking

rate, λ. However, RS behavior will also approach FS neuron with further increase

in number of inputs or for higher values of lambda since it increases the probability

of input spike.

6.4.2 Mutual Information

We simulate our model to find mutual information between SM [n] and Y [n]. Since

we are using MAT-model for the spike generation, the spiking threshold, θ(t), thus,

the mutual information between input and output, changes over time. To evaluate

how the distribution of the spiking threshold changes over time, we use Kullback

Leibler distance (KL distance) given as

KL distance =

∫
p(x) log2

p(x)

q(x)
dx+

∫
q(x) log2

q(x)

p(x)
dx,
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Figure 6.7: Maximum achievable sum rate for MISO neuro-spike communication
channel for different number of input neurons.

where p(x) and q(x) are two distributions and the KL distance shows the distance

between them. In Fig. 6.5, the change in the distribution of θ(t) for different types

of neurons with M = 50 is shown using the KL distance. Here, the p(x) is the

distribution of θ(t) in different time steps and q(x) is the distribution in 150-th time

step. We can observe that the distribution of θ(t) is converging to its steady state

value in less than 150 time steps for all types of the postsynaptic neurons. Thus,

we can conclude that the mutual information also converges to its steady state in

the same time. To verify this conclusion, the mutual information I(SM [n];Y [n])

is also plotted (dotted lines) in Fig. 6.5 against time steps where its convergence

can be observed. Therefore, to calculate the maximum achievable sum rate of the

MISO channel, we can maximize the mutual information after reaching the steady

state instead of utilizing (6.8). Hence, we calculate mutual information between

SM [n] and Y [n] after significant time has passed allowing the mutual information to

converge for each value ofM and maximize it over λ to find the maximum achievable

sum rate of the MISO channel.

The mutual information, I, between input and output of the channel is shown

in Fig. 6.6(a)-(c) for RS, IB and FS neurons, respectively. Increase in either spiking

rate, λ, or the number of inputs, M , increases the number of spikes at the input,

thus increasing th probability of output spike, which in turn increases the mutual

information until reaching its maximum value as shown in Fig. 6.6(a)-(c). Moreover,

this maximum mutual information is achieved with higher λ asM decreases since the
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(c) Fast spiking neurons.
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Figure 6.8: (a-c) Maximum achievable sum rate for MISO neuro-spike communica-
tion channel with metabolic cost constraint, C(W ), and (d-f) the spiking rate that
maximizes the sum rate, λop.

reduction in M reduces the number of spikes at the input, which is compensated by

higher λ. We can also observe that after reaching the maximum mutual information,

increasing λ decreases I since it causes more number of input spikes, which in turn

decreases the chance of receiving 0 at the output, i.e., decreasing the uncertainty in

the output. This argument is true for the values of M as well since increasing M

also contributes in increase in the number of input spikes. This observation can be

made in Fig. 6.6 for any value of λ.

The mutual information is not only dependent on input spiking rate and the

number of inputs M , but is also affected by the inherent characteristics of a neu-

ron. Thus, different types of the postsynaptic neurons exhibit different amount of

variation in I in various ranges of M . For instance, it can be observed from Fig.

6.6(b) and 6.6(c) that the FS Neuron shows large variation in maximum mutual

information for M < 50, however, for RS neuron, the variation in not significant for
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M < 50. Thus, different simulation scenarios are considered for different types of

neurons to show the variation in mutual information with respect to M . By com-

paring the three types of neurons, we notice that IB neurons achieves highest value

of maximum mutual information for the given number of input neurons, closely fol-

lowed by FS neurons. Moreover, we observe that for lower values of M , maximum

mutual information is higher in FS neurons since its resting threshold is lower than

the IB neurons.

The average metabolic cost, wp, for different spiking rates, λ, and number of input

neurons, M , is shown in Fig. 6.6(d)-(f). Since either increasing λ or M increases the

number of spikes at the input, it increases the average metabolic energy consumed,

wp, based on (6.10) in either type of neurons. Moreover, since wp includes energy

consumption by input spikes and all types of postsynaptic neurons are receiving

same inputs, thus, for any given number of inputs, wp is similar for all types of

postsynaptic neurons as presence or absence of one output spike would not affect

the energy consumption significantly.

6.4.3 Maximum achievable sum rate versus number of pre-synaptic inputs

In this section, we maximize the mutual information, shown in Fig. 6.6(a)-(c),

over λ to estimate the maximum achievable sum rate of the MISO channel without

applying the metabolic cost constraint. The relation between maximum achievable

rate and the number of pre-synaptic inputs is shown in Fig. 6.7. It is observed that

the maximum achievable sum rate, C, increases with increasing number of inputs,

i.e., M , since the average number of spikes in the input increases. However, after

certain value of M , the maximum achievable sum rate of the channel saturates, i.e,

increasing the number of pre-synaptic inputs does not increase information being

transmitted.

By comparing the maximum achievable sum rate of MISO channel with the three

types of postsynaptic neurons in Fig. 6.7, we can thus conclude that IB neurons are

achieving highest value of maximum achievable sum rate, C, for the given number

of input neurons, M . Although the rate of increase in C is higher in FS neurons for
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Figure 6.9: The maximum achievable sum rate per unit metabolic energy.

lower values of M . However, for M > 400, the mutual information in FS neurons

saturates while in IB neurons it continues to increase with a bit higher rate. The

rate of increase of C in RS neurons is slower for all values of M as compared to the

other neurons, thus, we can conclude that maximum achievable sum rate of MISO

channel with RS neuron acting as postsynaptic neuron will saturate at a lower value

than the other two neurons.

6.4.4 Maximum achievable sum rate versus metabolic cost

To enumerate the maximum achievable sum rate of the multiple access channel

under metabolic cost constraint, we simulate our model for different number of pre-

synaptic neurons and the results are shown in Fig. 6.8(a)-(c). The dotted lines

in this figure show the maximum achievable sum rate that can be achieved for a

particular number of inputs in the absence of metabolic cost constraint.

By increasing available metabolic energy, W , more number of spikes are allowed

at the input while satisfying the metabolic cost constraint. Moreover, in Fig. 6.6,

we observed that increasing the spiking rate at the input, i.e., number of spikes at

the input, increases the mutual information. Hence, as shown in Fig. 6.8(a)-(c),

the maximum achievable sum rate of the channel increases as we relax the upper

bound on the average metabolic cost, i.e., W . Moreover, the maximum achievable

sum rate, C(W ), increases with the same rate for each M since C(W ) is a function

of average number of spikes allowed at the input, which is not affected by varying
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number of pre-synaptic neurons, M , but is limited by a given value of metabolic

energy, W . However, C(W ) saturates after the maximum mutual information is

achieved for each value of M .

Enforcing metabolic cost constraint, i.e., wp < W , limits the possible values of

spiking rate, λ, used to calculate sum rate in Fig. 6.8. The values of λ that achieve

maximum sum rate of the MISO channel, i.e., λop, are shown in Fig. 6.8(d)-(f) for

different amounts of metabolic energy, W . For each M , we can observe that higher

λop is obtained for more available energy since it allows occurrence of more spikes at

the input. However, λop for any value of M does not increase as soon as maximum

mutual information is achieved. Moreover, we can also observe in Fig. 6.8(d)-(f)

that maximum sum rate is achieved at lower λop for higher values of M since it

increases the average number of spikes at the input for any value of λ. It is observed

that maximum achievable sum rate, C(W ) as well as the optimum spiking rate, λop,

that achieve this sum rate, follow same pattern with respect to metabolic energy for

all types of postsynaptic neurons.

Comparing these results with [Ramezani et al., 2018b], which is based on the

constant spiking threshold, we conclude that very large number of inputs are needed

to generate a spike in the postsynaptic neuron with dynamic spiking threshold.

Thus, very high amount of energy is being consumed to achieve only half of the

maximum achievable sum rate.

6.4.5 Information-Cost efficiency

As observed in Fig. 6.8(a)-(c), maximum achievable sum rate stops increasing after

certain value of metabolic energy, i.e., no matter how much energy is provided, infor-

mation transmission rate would not increase. Therefore, we find a trade-off between

the sum rate and the available metabolic energy, W , in terms of information-cost

efficiency, E = C(W )
W

, as shown in Fig. 6.9. It is observed that relaxing upper bound

onW beyond the optimum value would reduce the information-cost efficiency. Thus,

the efficiency of the system is an important factor to optimize energy consumption

of nanonetwork based on MISO neuro-spike communication model.
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If we compare the three types of postsynaptic neurons, we conclude that FS

neuron transfers information most efficiently, i.e., it achieves the similar information

transfer rate as IB neuron, however, consuming far less amount of energy. It can be

observed in Fig. 6.8(b) and (c) that for IB neuron, maximum sum rate of ≈ 0.26

bits/transmission is achieved for ≈ 105 × 109 ATP molecules and on the other

hand for FS neuron, maximum sum rate of ≈ 0.22 bits/transmission is achieved for

≈ 35× 109 ATP molecules. This makes FS neurons 67% more efficient than the IB

neurons.

6.5 Conclusion

Neurons use spikes to encode information form the outside world to be processed

inside the brain. The cortical neurons receive inputs from the multiple pre-synaptic

neurons and generate a spike when its membrane potential reaches a spiking thresh-

old. The researchers succeeded in regenerating the spike trains considering the

adaptive spiking threshold that depends on previous spike generation. Adaptive

threshold is also an important factor in causing short-term plasticity in the brain,

which is used to control the information flow between neurons. Thus, in this chapter,

we analyzed information transmission in the multiple-access neuro-spike communi-

cation channel with dynamic spiking threshold model for spike generation. Fur-

thermore, neuro-spike communication has a major constraint in terms of metabolic

energy required by the brain cells to carry out their routine processing. Therefore,

we quantified the maximum achievable sum rate taking into account the metabolic

cost in terms of ATP molecules consumed. Moreover, we analyzed different types

of cortical neurons, i.e., RS, IB and FS neurons and concluded that FS neurons

are the most efficient in terms of energy consumption, however, IB neurons provide

highest data transmission rates. This analysis would help us to select the neuron

with suitable characteristics for a particular application of the nanonetworks.



Chapter 7: Impact of Long Term Plasticity on Information Transmission over Neuronal

Networks 126

Chapter 7

IMPACT OF LONG TERM PLASTICITY ON

INFORMATION TRANSMISSION OVER NEURONAL

NETWORKS

7.1 Introduction

Neuro-spike communication has inherent characteristics to be utilized as the means

of communication between artificial bio-inspired nano devices such as the artificial

neuron described in [Simon et al., 2015]. Moreover, the information theoretical tools

we have developed during our work assisted in the development of the first macro-to-

nano-scale communication scheme based on the nervous system [Abbasi et al., 2018].

In [Balasubramaniam et al., 2011], the use of cultured neuronal network is proposed

for the communication between nanodevices. Thus, design of interface between

nanomachine and neuron as well as the protocol for transmission scheduling has

been proposed. Furthermore, the idea of using nanomachines for in situ monitoring

and treatment of neurodegenerative diseases has been put forward in [Mesiti and

Balasingham, 2013] where the feasibility of neuron-to-nanomachine interface has

been investigated to develop a nanoscale stimulator device.

Thus, to utilize neuro-spike communication model in various biomedical applica-

tions, we need to investigate different factors affecting the information transmission

over neuronal network. There are several information and communication theoreti-

cal studies that focus on modeling the processes involved in neuro-spike communi-

cation and evaluating its performance [Galluccio et al., 2013,Manwani and Koch,

2001,Ramezani et al., 2017,Veletić et al., 2016b,Aghababaiyan et al., 2018b,Malak

and Akan, 2013a,Ramezani and Akan, 2017e,Ramezani et al., 2018a,Ramezani et al.,

2018b]. More recently, realistic communication models are used in [Ramezani and
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Akan, 2017e, Ramezani et al., 2018a] to study the capacity of vesicle release pro-

cess and synaptic transmission, respectively. Moreover, maximum achievable sum

rate of a MISO neuro-spike communication channel is calculated with constant and

dynamic spiking threshold in [Ramezani et al., 2018b] and [Khan and Akan, 2019],

respectively.

Synaptic plasticity is a fundamental property of the mammalian brain and refers

to the capability of synapses to change their strength [Citri and Malenka, 2008]. It

is involved in the control of information flow between neurons on different temporal

scales and can be divided into two main categories, (i) short term plasticity, which

lasts on the order of milliseconds to several minutes [Crabtree and Gogos, 2014], and

(ii) long-term plasticity, which refers to changes that can last from hours to the life-

time of the synapse and is thought to play a central role in the mechanisms involved

in memory and learning [Citri and Malenka, 2008]. Moreover, aberrant synap-

tic plasticity contributes to several neuropsychiatric disorders [Citri and Malenka,

2008, Bliss et al., 2014]. Hence, studying synaptic plasticity in both healthy and

diseased conditions is an important step towards understanding brain functions and

the development of novel diagnostic and treatment techniques.

The strength of synapse can either increase, known as synaptic potentiation,

making it more reliable, or decrease, known as synaptic depression, to inhibit in-

formation transfer [Citri and Malenka, 2008]. Both potentiation and depression

depends on various pre- and postsynaptic mechanisms. Thus, synaptic plasticity is

involved in the control of information flow between neurons. While the impact of

short-term plasticity on mutual information is considered in [Ramezani and Akan,

2017e,Khan and Akan, 2019,Ramezani et al., 2018a], none of the existing studies

in the literature have considered the impact of long-term synaptic plasticity on the

performance of neuro-spike communication channel.

Our main motivation in this work is to study and analyze natural neural net-

work (NN), which will provide a communication paradigm for the realization of the

bio-inspired man-made NNs, that behave as real neurons, having vast range of appli-

cations described at the end of this article. Since in natural NNs, synaptic plasticity
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Figure 7.1: MISO Synaptic Channel Model.

is a common phenomenon that exhibits learning and memory, we aim to provide a

comprehensive analysis of neuro-spike communication channel including the impact

of plasticity and the parameters that govern this behavior. Hence, we select the

pyramidal neurons in Cornu Ammonis (CA) area of hippocampus location in the

brain for our work as this area is heavily investigated in physiology, which provides

experimental data for our work, and is responsible for learning and memory, thus,

inherently possesses the property of plasticity. In this work, for the first time in the

literature, we study the impact of the long-term synaptic plasticity on neuro-spike

communication channel among hippocampal pyramidal neurons. Since pyramidal

neurons receive input form multiple neurons, our study is based on MISO commu-

nication channel. Moreover, long-term plasticity can be expressed in two forms,

(i) long term potentiation (LTP) and (ii) long term depression (LTD) [Citri and

Malenka, 2008]. Thus, in this work, we are using bidirectional STDP model that

either depresses or strengthens the synapses depending on the temporal correlation

between pre and postsynaptic spikes [Gerstner and Kistler, 2002].
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Learning occurs through cooperation between synaptic inputs and the plasticity

rules select inputs which are correlated with other inputs [van Rossum and Turri-

giano, 2001]. Thus, we analyze the influence of correlation among presynaptic spike

trains on the strengthening of synapses and its impacts on the signal transmission

over this channel. To do so, we calculate the mutual information between input and

output of the channel and observe its evolution with time as a result of synaptic

plasticity. Moreover, impacts of input spiking rate, number of correlated presynaptic

neurons and the correlation factor on the mutual information is observed.

The remainder of this chapter is organized as follows. In Section 7.2, the MISO

neuro-spike communication channel model is explained. Then, STDP and its impact

on the synaptic channel strength is explained in Section 7.3. Performance evalua-

tion is provided in Section 7.4 and some key applications of bio-inspired neuronal

networks are given in Section 7.5. Finally, the chapter is concluded in Section 7.6.

7.2 Neuro-spike Communication Channel Model

This study is based on the MISO synaptic channel model of information transmis-

sion among hippocampal pyramidal neurons described in this section. In this MISO

channel, a single postsynaptic neuron receives and processes information from mul-

tiple presynaptic neurons as shown in Fig. 7.1.

7.2.1 Input Spike Trains and Axonal Transmission

Each presynaptic neuron generates a spike train, Si(t), i ∈ [1,M ], where M is

the number of presynaptic neurons, that travel through axon to reach presynaptic

terminal. These spike trains are modeled by Poisson processes with rate λi in the

literature [Ramezani and Akan, 2017e]. If there is a spike at input neuron, the

binary signal 1 will be transmitted through neuro-spike communication channel,

otherwise, 0 will be sent. By discretizing time into windows of equal length, i.e.,

∆t, the spiking probability, i.e., the probability of transmitting 1, in each time

step n can be calculated as P{Si[n] = 1} = 1 − exp(−λi∆t), where Si[n] = 1

indicates the spike arrival. Moreover, after firing one spike, the neuron is not able to
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generate another spike for a certain period of time, which is called refractory period

τref [Kobayashi et al., 2009]. Hence, P{Si[n] = 1} = 0 for
τref
∆t

consecutive time

steps after firing one spike. Here, we are considering only regular spiking neurons

for our analysis. The other common types of neurons are intrinsic bursting and

fast spiking neurons, which have different spiking patterns and may have different

τref . Furthermore, since spikes propagate reliably through axons in hippocampal

neurons [Veletić et al., 2016a], we model axonal transmission as ideal all pass filter

with zero transmission delay.

7.2.2 Vesicle Release Process

Each spike can initiate the release of at most one vesicle from each presynaptic

terminal in hippocampal pyramidal neurons [Alabi and Tsien, 2012]. Hence, we

use the univesicular release model of [Malak and Akan, 2013a] to derive the vesicle

release probability, i.e., pi, as follows,

P{Vi[n] = 1|Si[n] = 1} = 1− exp(−αiNi) , pi,

where αi = 0.06
√
Ni is the rate at which vesicles are fused with the membrane to

get released [Dobrunz and Stevens, 1997], Ni is the number of available vesicles for

release and Vi[n] = 1 indicate the vesicle release from ith presynaptic terminal.

7.2.3 Postsynaptic Response at Each Synapse

The type of neuron is defined by its spiking threshold and the EPSP shape [Kobayashi

et al., 2009]. Since we are considering regular spiking neurons, the spiking threshold

will be selected accordingly. Moreover, after each release, the postsynaptic potential

caused by ith synapse is modeled in [Malak and Akan, 2013a] as

ei(t) = wi(t)hi

t

tp
exp(1− t

tp
), (7.1)

where tp is the time to reach the peak amplitude of EPSP, wi(t)hi is the peak

EPSP amplitude generated at ith synapse and wi(t) is the synaptic weight, which
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can increase or decrease according to the synaptic activity. In the following, we

explain the STDP model for updating synaptic weights, wi(t), according to memory

of synaptic transmission.

7.2.4 Evolution of Synaptic Weights due to STDP

Strong depolarization of postsynaptic neuron is required for induction of LTP while

weaker depolarization leads to LTD. Therefore, the change in synaptic efficacy is

driven by temporal correlations between presynaptic spike arrival and postsynaptic

firing and it is termed as STDP. STDP is order dependent, i.e., if the presynap-

tic spike arrives before postsynaptic spike, the synapse is strengthened, while the

opposite order weakens the synapse. This kind of long term synaptic plasticity is

prevalent in cortical neurons especially in excitatory hippocampal pyramidal neu-

rons [Feldman, 2012]. Hence, in this section, we provide the model for updating the

synaptic wights, governed by a variable weight wi(t) as shown in (7.1), using STDP

model.

Considering Si(t) =
∑

f δ(t − t
(f)
i,pre) and Y (t) =

∑
f δ(t − t

(f)
post) as pre- and

postsynaptic spike trains, respectively, and t′ = t
(f)
i,pre − t

(f)
post as the time difference

between pre- and postsynaptic spikes, the change in synaptic weight is given in

[Gerstner and Kistler, 2002] as,

d

dt
wi(t) = a0 + Si(t)

(
apre1 +

∫ ∞

0

apre,post2 (t′)Y (t− t′)dt′
)

+ Y (t)

(
apost1 +

∫ ∞

0

apost,pre2 (t′)Si(t− t′)dt′
)
, (7.2)

where the parameter a0 < 0 represents an activity independent constant decrease in

the synaptic weight, i.e., irrespective of the presence of a spike on pre and postsy-

naptic terminal, apre1 and apost1 represent the non-Hebbian effect on synaptic weight

resulting due to the occurrence of pre- and postsynaptic spike, respectively. If a

presynaptic spike occurs at a particular time instant, apre,post2 (t′) governs the weight

change that depends on the time since the last postsynaptic spike arrival. This factor

is supposed to reduce the weight according to Hebbian learning. On the other hand,
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if a postsynaptic spike occurs at a certain time instant, the time since last presy-

naptic spike arrival dictates strengthening of the synapse with the factor apost,pre2 (t′).

Both apre,post2 (t′) and apost,pre2 (t′) together describe a learning window W (t′), i.e., a

rule for updating synaptic weight wi(t), as follows [Gerstner and Kistler, 2002],

W (t′) =





apost,pre2 (−t′) = A+ exp (t′/τ1), if t′ < 0

apre,post2 (t′) = A− exp (−t′/τ2), if t′ > 0

(7.3)

where t′ < 0 shows the arrival of presynaptic spike before postsynaptic spike and

t′ > 0 shows otherwise. The simple exponential learning window used in (7.3), is

fitted to the experimental data in [Zhang et al., 1998].

7.2.5 Spike Generation

The total membrane potential E(t) at postsynaptic neuron contributed by all the

inputs is given as

E(t) = vrest +
M∑

i=1

∑

tn≤t,∀n

Vi[n]ei(t− tn) + g(t), (7.4)

where vrest is the membrane resting potential, tn is the beginning of nth time window

and g(t) is the synaptic noise modeled by Gaussian distribution with zero mean and

variance σ2
n [Malak and Akan, 2013a]. A spike occurs in the postsynaptic neuron,

i.e., Y [n] = 1, when E(t) reaches spiking threshold called θ, i.e., E(t) ≥ θ for

(n− 1)∆t ≤ t < n∆t.

7.3 Information Transmission Rate and Correlated Users

For analyzing the achievable rate of information transmission over our model, we use

basic definitions from information theory. The input and output of our model are

the spike train, Si[n] and the generated spikes at output, Y [n], respectively. Thus,

the mutual information of the channel is derived as

I(SM [n];Y [n]) = H(Y [n])−H(Y [n]|SM [n]), (7.5)
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where SM [n] = {S1[n], S2[n], ..., SM [n]}. Since the synaptic weight can change in

each time step depending on both input spike train and previously fired spike at

output neuron, the channel transmission probability, i.e., P{Y [n]|SM [n]}, and the

probability of spike generation at the output neuron, i.e., P{Y [n] = 1}, thus, the
mutual information among input and output of the channel, i.e., I(SM [n];Y [n]), can

change in each time step. Thus, deriving closed form equations for P{Y [n]|SM [n]}
and P{Y [n] = 1} seems not feasible. Therefore, we will use Monte Carlo simulations

to derive average changes in synaptic weights, the channel transmission probability,

the output spike generation probability and the mutual information between input

and output of the channel.

We are interested in increasing the information transmission rate over neuronal

network, thus, we study the input characteristics that leads to LTP generation. Since

STDP is governed by timing of input and output spike trains and the correlated

activity of presynaptic neurons affects the output spike generation probability, we

study impact of correlation among input spike trains on the input selectivity induced

by STDP and ICT-based performance of the network. To introduce this correlation,

we divide inputs into two groups G1 and G2, where Mc ∈ {5, 10, 15, 20, 50} and

M −Mc neurons are assigned to G1 and G2, respectively. Let Ti ∼ Poiss(λi), where

λi = λ for i ∈ [1,M ], be independent random variables. In G1, the spike trains are

defined as Si = Ti + C where i ∈ G1 and C ∼ Poiss(λc). Hence, the spike train of

neurons in G1 are correlated with correlation coefficient given as,

ρij = corr(Si, Sj) =





λc

λ+ λc

, if i 6= j

1, if i = j

(7.6)

where i, j ∈ G1. For neurons in G2, i.e., i ∈ G2, the spike trains are defined as

Si = Ti, thus, they are uncorrelated. Note that spike trains of neurons assigned to

different groups are independent.
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Table 7.1: Simulation Parameters for STDP model

Parameters Symbols Values

Normalized EPSP amplitude hiwrest 1 mV [Malak and Akan, 2013a]

Initial synaptic weight wrest 0.5

Time to reach EPSP peak tp 0.2 ms [Khan et al., 2017]

Number of available vesicles Ni for ∀i 10 [Schikorski and Stevens, 1997]

Resting Potential vrest −65 mV

Noise standard deviation σn 0.1 mV [Malak and Akan, 2013a]

Refractory period τref 2 ms [Kobayashi et al., 2009]

Time-step 0.1 ms [Kobayashi et al., 2009]

Number of inputs M 100

Spiking threshold θ -45 mV [Plonsey and Barr, 2007]

a0, a
pre
1 , apost1 −1, 0.01, 0

A+, A− 0.24, −0.1STDP parameters

τ1, τ2 12.2,13.6 ms
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Figure 7.2: Learning Window.

7.4 Performance Evaluation

We evaluate the neuro-spike communication channel consideringM presynaptic neu-

rons making only one synapse each with the output neuron as shown in Fig. 7.1 and

utilizing parameters given in Table 7.1, which are extracted from experimental data

reported in the literature for hippocampal pyramidal neurons. Changes in synaptic

efficacy based on STDP model are defined using (7.2) and (7.3) and the learning

window is shown in Fig. 7.2. To induce realistic synaptic plasticity, we need to en-

sure that synaptic weights remain in certain bounds. Thus, we consider initial values

of wi(0) = wrest and restrict them in the interval [0,1] for each synapse [Kistler and



Chapter 7: Impact of Long Term Plasticity on Information Transmission over Neuronal

Networks 135

0 500 1000 1500 2000
Timestep

0

0.2

0.4

0.6

0.8

1

R
at

io
 o

f p
ot

en
tia

te
d 

pr
es

yn
ap

tic
 n

eu
ro

ns
 (

R
c)

M
c
=5

M
c
=10

M
c
=15

M
c
=20

M
c
=50

(a) All presynaptic neurons, λ =
25 Hz and λc = 25 Hz.

0 500 1000 1500 2000
Timestep

0

0.2

0.4

0.6

0.8

1

R
at

io
 o

f p
ot

en
tia

te
d 

pr
es

yn
ap

tic
 n

eu
ro

ns
 (

R
c)

M
c
=5

M
c
=10

M
c
=15

M
c
=20

M
c
=50

(b) All presynaptic neurons, λ =
25 Hz and λc = 50 Hz.

0 500 1000 1500 2000
Timestep

0

0.2

0.4

0.6

0.8

1

R
at

io
 o

f p
ot

en
tia

te
d 

pr
es

yn
ap

tic
 n

eu
ro

ns
 (

R
c)

M
c
=5

M
c
=10

M
c
=15

M
c
=20

M
c
=50

(c) All presynaptic neurons, λ =
25 Hz and λc = 100 Hz.

Figure 7.3: Changes in percentage of potentiated presynaptic neurons due to STDP.

Hemmen, 2000]. Moreover, the parameters of STDP model are selected according to

studies fitting the STDP model to experimental data [Hayashi and Igarashi, 2009].

In this section, we investigate the impact of system parameters, i.e., input spike

rate, λ, correlation factor, λc, and number of correlated presynaptic neurons, Mc, on

the performance of MISO neuro-spike communication channel, which inherently has

plasticity. The simulation results provide a guideline for selecting these parameters

in future uses of the bio-inspired neuronal networks for information transmission

towards different biomedical applications.

7.4.1 Evolution of Synaptic Weights due to Plasticity

To investigate the evolution of synaptic strength, we simulate the MISO neuro-spike

communication channel for 2000 time-steps and calculate the change in synaptic

weights over a period of time based on (7.2). By repeating this simulation for 1000
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Figure 7.4: Changes in average synaptic weights due to STDP.

iterations, we derive the average synaptic weights in each time-step. Defining the

strengthened or potentiated presynaptic neurons as the one with average synaptic

weight grater than wrest, the ratio of strengthened synapses, Rc, with respect to time

is plotted in Fig. 7.3 for λ = 25 Hz. As can be observed, for a constant value of

λc, higher number of correlated presynaptic neurons, i.e., Mc, leads to higher ratio

of potentiated presynaptic neurons. Moreover, the ratio of potentiated presynaptic

neurons, Rc, increases by increasing the correlation among the presynaptic neurons

in G1, thus, we have the highest number of potentiated presynaptic neurons for λc =

100 Hz as shown in Fig. 7.3(c). In addition, increasing λc causes faster potentiation

of synapses. Comparing the ratio of correlated presynaptic neurons with ratio of

potentiated synapses shown in Fig. 7.3, we observe that the uncorrelated presynaptic

neurons are also strengthened due to the presence of correlated presynaptic neurons

in the network. Furthermore, more uncorrelated presynaptic neurons are potentiated

if there are higher number of correlated presynaptic neurons in the network or the

correlation among presynaptic neurons is stronger, i.e., λc is higher. Note that for

low values of Mc small changes in number of potentiated preynaptic neurons changes

Rc largely. Thus, more fluctuation are observed in Rc for lower value of Mc in Fig.

7.3. Moreover, these fluctuations are more at the beginning of simulations as the

synaptic weights are still around wrest and small changes in t
(f)
i,pre − t

(f)
post can easily

change the synaptic weight from potentiated to depressed and vice versa.
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Figure 7.5: Changes in average synaptic weights for different number of correlated
presynaptic neurons when synaptic weights are constant, i.e., no STDP.

Although Fig. 7.3 shows the ratio of potentiated presynaptic neurons, the

changes in actual magnitude of weights with time are not shown. Thus, we cal-

culate the average of synaptic weights of all presynaptic neurons in each time-step

as illustrated in Fig. 7.4. We can observe that synapses are potentiated at higher

magnitudes of weights as either Mc or λc is increased.

7.4.2 Impact of STDP and Correlated Inputs on Mutual Information

Two factors affect the average mutual information for different number of correlated

presynaptic neurons, Mc, first the correlation factor and then the changes in synaptic

weights as a result of plasticity. We first ignore the existence of STDP and use

constant synaptic weights, wrest, for all presynaptic neurons to identify the impact

of correlation on the achievable rate when there is no plasticity as shown in Fig.

7.5. It is observed that if we increase λ, λc or the number of correlated presynaptic

neurons, Mc, the mutual information among input and output of MISO neuro-spike

channel improves as it leads to the generation of more output spikes.

By including STDP along with correlation, we observe in Fig. 7.6 that for low

and high values ofMc the mutual information does not change with time. The reason

is that enough number of synapses are not potentiated for low values of Mc as shown

in Fig. 7.3, thus, there is no changes in probability of output spike generation as a

result of plasticity. For very high number of correlated presynaptic neurons, almost



Chapter 7: Impact of Long Term Plasticity on Information Transmission over Neuronal

Networks 138

0 500 1000 1500 2000
Timestep

-1

-0.5

0

0.5

1

A
vg

. m
ut

ua
l i

nf
or

m
at

io
n 

[b
its

/s
]

=25
=50
=75
=100

(a) STDP with Mc = 5.

0 500 1000 1500 2000
Timestep

6

8

10

12

14

16

18

20

A
vg

. m
ut

ua
l i

nf
or

m
at

io
n 

[b
its

/s
]

=25
=50
=75
=100

(b) STDP with Mc = 50.

Figure 7.6: Average mutual information for λc = 25Hz and different number of
correlated presynaptic neurons.

0 500 1000 1500 2000
Timestep

0

0.2

0.4

0.6

0.8

1

A
vg

. m
ut

ua
l i

nf
or

m
at

io
n 

[b
its

/s
]

=25
=50
=75
=100

(a) λc = 25Hz and Mc = 10.
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(b) λc = 25Hz and Mc = 15.
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(c) λc = 25Hz and Mc = 20.
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(d) λc = 50Hz and Mc = 10.
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(e) λc = 50Hz and Mc = 15.
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Figure 7.7: Average mutual information for different λc and number of correlated
presynaptic neurons (dotted line: without STDP, solid line: with STDP).

all of the synapses undergo potentiation, which is time-dependent, as shown in Fig.

7.3. However, the mutual information remains constant over time as shown in Fig.

7.6 since the required changes in postsynaptic potential for spike generation is 20

mV in regular spiking neurons and we have enough number of correlated inputs for

spike generation even without synaptic potentiation.
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The average mutual information for medium values of Mc and both with and

without STDP scenarios is depicted in Fig. 7.7. When there is no plasticity, the

synaptic weights stay constant during signal transmission. Thus, as shown with

dotted lines in Fig. 7.7, the average mutual information does not change with time.

Comparing Fig. 7.6 and Fig. 7.7, we observe that the mutual information is most

affected by synaptic plasticity when the number of correlated presynaptic neurons

is close to Mspike = θ
hiwrest

. The reason is that hiwrest is the EPSP generated by

a synapse in absence of plasticity, thus, Mspike represents the required number of

active inputs in a time-step for spike generation. Hence, when number of corre-

lated presynaptic neurons is close to Mspike, even small changes in synaptic weights

affect the probability of output spike generation, which in turn affects the mutual

information. Considering the synaptic weight changes for λ = 25 Hz and Mc = 15

shown in Fig. 7.4, we observe that average mutual information is 0 for λc = 25 Hz

in Fig. 7.7 as the synaptic weights are depressed. However, the mutual information

increases with time for higher λc as it is enhancing the synaptic weights. Moreover,

as illustrated in Fig. 7.7, the mutual information among input and output of the

channel increases for higher values of λc or Mc, which is due to the increment in

synaptic weights observed in Fig. 7.3 and 7.4.

As shown if Fig. 7.3, the synapses of uncorrelated presynaptic neurons are also

strengthened with time in case of strong correlation among correlated inputs. Thus,

we study the impact of changes in synaptic weights on the information transmis-

sion by correlated and uncorrelated presynaptic neurons. To this aim, we simulate

the network for 2000 time-steps with all presynaptic neurons contributing in weight

update and derive the network with updated weights. Then, we calculate the infor-

mation transmission rate in this updated network for three scenarios: (i) all of the

input presynaptic neurons, (ii) only correlated presynaptic neurons, and (iii) only un-

correlated presynaptic neurons transmitting information at four specific time-steps,

i.e., 0, 750, 1500 and 2000. As shown in Fig. 7.8, the mutual information among

input and output of the system improves with time even when only the uncorre-

lated presynaptic neurons utilize the updated network. However, the improvement
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Figure 7.8: Effect of weight changes due to STDP on correlated and uncorrelated
presynaptic neurons when Mc = 15 and λc = 100 Hz.

in the mutual information is most when all of the presynaptic neurons are active as

it improves the probability of generating enough EPSP for spike firing.

7.5 Applications of Bio-inspired Neural Networks

As discussed earlier, synaptic plasticity in natural neural networks (NNs) is the key

reason behind the growth of human memory and intellect. The true potential of bio-

inspired NNs, which are composed of bio-compatible nanomachines acting same as

real neurons, is too extensive to be summarized in a short passage, however, in this

section we note some of their interesting applications. Before we proceed to identify

these applications, it is imperative that we address the distinction between artificial

neural networks (ANNs), a concept used in the field of Artificial intelligence, and

the bio-inspired NNs. This is important since ANNs are very hot topic currently

and it is sometimes not easy to identify the differences between both the networks.

7.5.1 Bio-inspired NN vs ANN

We present some key differences between the both in the text below, and discuss

key advantages bio-inspired NNs hold over ANNs.

• Learning: A key difference between both the types of networks lies in the

methods of their learning. While ANNs operate on algorithms such as gra-

dient descent [Bottou, 2010] on a global scale, bio-inspired NNs operate on
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a local decentralized scales with methods such as Hebbian learning [Kempter

et al., 1999]. The exact mechanisms of bio-inspired NN operation are still not

understood completely, however, many local methods operate simultaneously,

and thus provide them with more flexibility in terms of learning for various

problems at the same time. Although many of the differences between brains

and processing machines pointed out by John von Neumann in [Von Neumann,

2012] have been integrated into modern ANN-based systems, the architectures

and connections schemes of the nervous system are still too complex to be im-

plemented via computing machines.

• Network structure: The structures for ANNs are fixed and usually defined

before a problem is solved through them. Bio-inspired NNs, on the other hand,

can change their network structures based on plasticity between their nodes.

This is especially true for long term memories that may end up removing or

adding new connections to the system. Thus, in terms of network structures,

bio-inspired NNs are more versatile since they are even able to change their

structures over the course of time.

• Data processing rate: At first glance it may seem that ANNs can process

data at a rate much larger than bio-inspired NNs. For instance, in our prior

work [Abbasi et al., 2018], we found that a maximum data rate of 66 bps could

be achieved during data transmission over a simple nervous system. However,

as we noted in that study, if the simple nervous system of an earthworm

is scaled up to the level of a human brain even by a simple multiplicative

method, the amount of data processing increases a billion fold. Most ANNs

are not capable of operation on these scales.

• Information processing scale: The amount of information processing and

transfer in any process depends on both the process itself and the limit of ob-

servation in sampling it. Thus, in an ANN, the connection or synapse between

two neurons is the limit that identifies the information processing ability. On
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the other hand, in bio-inspired NNs we know that synaptic information ex-

change occurs as a result of neurotransmitter propagation through the synaptic

cleft. This process itself is governed by a number of ion exchanges between

cells. Therefore, purely from a synaptic point of view, the scales of informa-

tion processing and exchange for bio-inspired NN are very large as compared

to any existing ANN.

• Power consumption: The biggest advantage bio-inspired NNs have over

ANNs, or rather any biological network has over its artificial counterpart, is

their use of very low power. bio-inspired NNs are mostly based on molec-

ular communication, which is inherently very low-powered [Akyildiz et al.,

2008, Akan et al., 2016b]. This point is especially amplified when we look

at the power consumption of larger neural network operating on the order of

complexity of the human brain where billions of neurons are synapsing with

each other.

7.5.2 Applications

Now that we have identified some key advantages bio-inspired NNs provide over

ANNs, we discuss some of the key applications they have in various fields.

Pattern Recognition

The ability to recognize patterns has allowed life forms to sustain over billions of

years. We observe a large set of patterns during our daily lives from various stimuli

around us by means of sensors such as the eyes, ear and noses. These stimuli are

then translated by a vast network of neurons employing plasticity into our memories,

and thus assist us in making decisions. Specific portions of bio-inspired NNs have

learned over billions of years of evolution and are highly optimized in performing

recognition tasks. From just a training perspective, any neural network, artificial

or biological, that has had longer training, can perform better at recognition tasks.
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Thus, existing pattern recognition systems cannot compare to bio-inspired NNs in

terms of their abilities of generalization in specific tasks.

For instance, emotion recognition is an important aspect of man-machine inter-

face research. To date, no generalized method exists that can operate over multiple

databases and provide good accuracy over all of them. On the other hand, Amygdala

is a small portion of the human brain that is related to our emotional intelligence.

Using this portion, the annotations provided by the human annotators working on

the aforementioned databases have provided us with the gold standard that no ma-

chine is able to match. The case with face identification, voice identification and

signal classification is also similar. Thus, it makes a lot of sense to think towards

the use of bio-inspired NNs in pattern recognition tasks.

Nanonetworks

Most future communication networks aim to process large amount of data while

maintaining operations on very low power. This is especially true for application

such as nanosensor networks which have to sustain themselves over long periods

of times without power sources. Many Internet of things (IoT) applications have

similar goals as well. Bio-inspired NNs offer these capabilities along with naturally

built systems that are able to maintain their energy needs for extended periods, and

thus offer a viable solution for energy efficient nanonetworks.

Biomedical Applications

Understanding natural NNs and implementing bio-inspired NNs finds its major ap-

plications in life science as it provides the way for novel and more effective ICT-based

diagnosis and treatment techniques for nervous system diseases. This promising ap-

proach covers a wide range of research avenues ranging from revealing the correlation

between diseases and underlying communication mechanisms to ICT-based abstrac-

tion of diagnosis and treatment techniques for improved efficiency [Akan et al.,

2016b]. Bio-inspired NNs can also be used for re-establishing the brain body con-

nection in spinal cord injury patients [Capogrosso et al., 2016,Wenger et al., 2014].



Chapter 7: Impact of Long Term Plasticity on Information Transmission over Neuronal

Networks 144

Moreover, formation of Intenet of bio-nano things (IoBNT) by connecting biological

entities and nano-devices to the Internet would play a vital role in healthcare [Aky-

ildiz et al., 2015]. One such application is remote monitoring of patients’ health

through IoBNT, which can be achieved by connecting bio-sensors and actuators op-

erating inside or near human body to Internet [Seyedi et al., 2013]. IoBNT can also

be used to administer drugs to patients requiring frequent or periodic dosages [Seyedi

et al., 2013]. A very big challenge in IoBNT is the ability of macro-scale devices to

interface with micro- and nano-scale biological things. Since the nervous systems is

already biological in nature, its interfacing with other such networks is completely

bio-compatible. Moreover, the network is already used extensively in the human

body to transmit and receive information from other systems in the body (sensory

and motor pathways). This direction of research has the potential to open a large

number of avenues for the expansion of the IoBNT paradigm and make the realiza-

tion a reality. For instance, application of IoBNT systems may be realized in the

insulin-glucose system for smart drug delivery using bio-inspired NNs interfaces [Ab-

basi and Akan, 2017].

7.6 Conclusion

In this chapter, we studied the impact of STDP on the performance of multiple

access neuro-spike communication channel for correlated as well as uncorrelated

input spike trains. STDP depends on timing of input and output spike trains and

the correlated activity of presynaptic neurons affects the output spike generation

probability. Thus, we analyzed the role of correlation among input spike trains on

the strengthening of synaptic weights induced by STDP and ICT-based performance

of the network. We observed that the existence of correlated presynaptic neurons in

the network improves the synaptic weights of the uncorrelated presynaptic neurons

as well. Moreover, we analyzed the evolution of synaptic weights over time and

its impact on mutual information. We observed that average mutual information

improves with time as the number of correlated inputs or the correlation factor

increases, however, these changes are finally saturated when there are sufficient
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spikes at the input to guarantee the generation of spike at the output. Our analysis

signifies the importance of a comprehensive model for neuro-spike communication

channel consisting of long-term plasticity to fully evaluate the performance of the

nanonetwork using neuro-spike communication paradigm. Note that studying the

combined effect of short term and long term plasticity stays as an open direction.

This study gives insights to realize appropriate structure of a bio-inspired NN

by adjusting its synaptic weights for a particular biomedical application through

selection of suitable control parameters such as input spike rate, number of correlated

inputs and degree of correlation among them. Moreover, in applications where bio-

inspired NNs need to interface with real neurons, the synaptic weights of real neurons

can be manipulated by adjusting control parameters through bio-inspired NNs acting

as input neurons.
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Chapter 8

COMMUNICATION THEORETICAL MODELING AND

ANALYSIS OF TRIPARTITE SYNAPSES WITH

ASTROCYTES IN SYNAPTIC MOLECULAR

COMMUNICATION

8.1 Introduction

To realize a fully functional nanonetwork inspired by neuronal communication, we

need to study every phenomenon affecting information transmission through neu-

ronal network. One of such important phenomena is synaptic plasticity, which is

the ability of neurons to modify the strength of their synapses depending on various

factors. This property of a neuron controls the information flow through the net-

work, either facilitating or inhibiting the information flow [Citri and Malenka, 2008].

The information transmission reduces when there is synaptic depression (weaken-

ing of synapse) and increases in presence of synaptic potentiation (strengthening

of synapse), as neurons that strongly wired together are capable of passing more

information with less chances of error. Moreover, abnormalities in plasticity leads

to several neuropshychiatric disorders [Bliss et al., 2014]. Thus, modeling plasticity

in healthy as well as diseased neuronal network is fundamental for the development

of novel diagnostic and treatment techniques. Plasticity is divided into two cate-

gories, (i) short-term plasticity, which lasts on the order of milliseconds to several

minutes [Crabtree and Gogos, 2014], and (ii) long-term plasticity, which refers to

changes that can last from hours to the lifetime of the synapse and is thought to

play a central role in the mechanisms involved in memory and learning [Citri and

Malenka, 2008].

The causes of plasticity range from different pre-synaptic to postsynaptic mech-



Chapter 8: Communication Theoretical Modeling and Analysis of Tripartite Synapses

with Astrocytes in Synaptic Molecular Communication 147

anisms, thus, its difficult to include all types of plasticity in a single model. In

[Ramezani and Akan, 2017e], capacity of a vesicle release process has been evaluated

under the influence of short-term synaptic depression caused by slower replenishment

of readily releasable vesicles. In [Ramezani et al., 2018a], complete SISO channel

is analyzed under the influence of short-term synaptic depression and capacity of

the channel with memory is evaluated. In chapter 6 of this thesis [Khan and Akan,

2019], short-term synaptic plasticity due to post-synaptic factor, i.e., dynamic na-

ture of spiking threshold, is considered and the capacity of the MISO channel with

different types of neurons is analyzed. In the previous chapter [Khan et al., 2019],

MISO neural channel is analyzed with spike timing dependent plasticity (STDP).

All of these studies considered bipartite synapses, i.e., a synapse consisting of only

pre- and postsynaptic neurons largely ignoring the presence of glial cells that greatly

out number the neurons. Astrocytes are the most abundant of glial cells that are

historically known as support cells [Kandel et al., 2000] and form tripartite synapses

as shown in Fig. 8.1. However, this classical view has been changed due to two

observations. First, astrocytes respond to the neurotransmitters released from pre-

synaptic neuron by elevating the intracellular calcium levels in astrocytes. Second,

in response to calcium elevations, astrocytes release gliotransmitters that include

glutamate which may bind to receptors on neuron [Santello and Volterra, 2009].

This two way astro-neuro communication indicates the active role of astrocytes in

neural signaling, specifically synaptic plasticity [Perea et al., 2009].

The glutamate released from the neuron binds with metabotropic glutamate re-

ceptors (mGluR) present on astrocyte. This leads to production of inositol triphos-

phate (IP3), a second messenger in astrocyte. The IP3 binds with IP3 receptors

present on Endoplasmic Reticulum (ER) which releases calcium inside astrocyte.

Elevation in intracellular calcium of astrocytes causes glutamate release which bind

to presynaptic mGluRs that leads to potentiation of synaptic transmission [Nadkarni

and Jung, 2007] that lasts for minutes, most likely through release of calcium from

presynaptic stores. The prolonged increase in intracellular calcium concentration of

neuron facilitates the spontaneous vesicle release process by increasing the release
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probability, giving rise to synaptic facilitation or potentiation. Though considering

bipartite synapse while modeling neuro-spike communication greatly simplifies the

calculations, however, ignoring astrocytes’ contribution in neural signaling drags

away from realistic scenario as well as underestimates the effect of plasticity on

information transmission.

There is an existing literature that considered astrocytes’ contribution while

modeling neuro-spike communication. In [Mesiti et al., 2015b,Mesiti et al., 2015a],

channel models for neuronal communication including astrocytes are proposed. A

tripartite synapse is analyzed in [Lotter et al., 2020], where astrocytes are considered

as an insulator protecting the synapse from synaptic crosstalk and clearing the resid-

ual neurotransmitters from the synapse. In [Veletić et al., 2016b], tripartite synapse

is analyzed from communication theoretical perspective. However, in these studies,

plasticity caused by astrocytes and its effect on transmission rate has not been an-

alyzed.In [Veletić et al., 2016b], tripartite synapse is analyzed from communication

theoretical perspective.

In this chapter, for the first time, we analyze the effect of long-term synaptic

plasticity caused by astrocytes’ feedback on vesicle release process in a tripartite

synapse. Since vesicle release process is also affected by short-term depression (STD)

caused by depletion of vesicles with every single release, it is unavoidable to include

the impact of this type of STD while analyzing vesicle release process. Thus, in this

chapter, we consider the combined effect of short and long-term synaptic plasticity

on information transmission through vesicle release. The focus of this research

is on hippocampal pyramidal neurons due to the availability of vast number of

studies. In [Ramezani and Akan, 2017e], a pool-based model for vesicle release

and replenishment process is used that quantifies the effect of short-term synaptic

depression due to slow replenishment of released neurotransmitters. In this chapter,

we use the same model and integrate the model of long-term plasticity caused by

astrocytic feedback on vesicle release process by changing calcium concentration in

pre-synaptic terminal. Moreover, we evaluate the probability of vesicle release and

mutual information between input spike and vesicle release, to compare the effect of
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both types of plasticities on these quantities. We also manipulate different synaptic

parameters such as input spike rate, maximum number of releasable vesicles and

replenishment rate of these vesicles to see their effect on the information transmission

rate of the vesicle release process in the presence and absence of synaptic plasticity.

The rest of the chapter is organized as follows. In Section 8.2, we formulate our

model that includes long and short term plasticity simultaneously. In Section 8.3,

we formulate mutual information of the vesicle release process. In Section 8.4, we

describe the simulation set up and present the numerical result of our formulated

system. Finally, in Section 8.5, we conclude this chapter.

mGluR

ASTROCYTE

PRESYNAPTIC NEURON

POSTSYNAPTIC NEURON

mGluR

Ca store

Figure 8.1: Tripartite Synapse

 G(𝜏𝐷 , ∆𝑡) F(𝑁) 𝑁 

 

𝑁𝑚𝑎𝑥 −𝑁 

 
Ready Pool Unavailable Pool 

Figure 8.2: Pool-based model for neurotransmitter release and replenishment.

8.2 Model Description

8.2.1 Pre-synaptic Vesicle Release

In synaptic transmission, the arrival of spike to the axonal terminal can be modeled

by a non-homogeneous Poisson process with rate λ(t) [Malak and Akan, 2013a].
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After firing a spike, due to inactivation of sodium channels, a neuron cannot generate

another spike for a short time, no matter how strong stimulus is given. This time

duration that initiates with action potential (AP) and lasts until its peak is called

absolute refractory period [Kobayashi et al., 2009,Kandel et al., 2000]. Hence, we

can divide time into n windows of equal duration ∆t, where ∆t is smaller than

the absolute refractory period so that each window may contain only one spike

at most.Thus, the probability of spike arrival at nth time slot can be calculated

as [Malak and Akan, 2013a]

P{S[n] = 1} = 1− exp (−λ(t)∆t). (8.1)

The above equation can be approximated as P{S[n] = 1} = λ(t)∆t for small values

of the product λ(t)∆t. However, in our simulations, we are using more general form

given in (8.1).

8.2.2 Pre-synaptic Vesicle Release

Most of the neuron to neuron transmission occurs through chemical synapses using

neurotransmitters present in the form of small packets, i.e., vesicles, in pre-synaptic

terminal. We consider these vesicles to be divided into two distinct pools [Matveev

and Wang, 2000]. One is the ready pool (RP) with vesicles near release site called

readily releasable vesicles (RRVs), and the other one is called unavailable pool which

is larger having the vesicles farther from the release site. This pool-based vesicle

release and replenishment model is shown in Fig. 8.2 [Ramezani and Akan, 2017e]

where the capacity of RP, i.e., the maximum number of RRVs when no vesicle is

released, is denoted by Nmax. The time for replenishment of one vesicle vacancy is

τD and G(τD,∆t) is the probability of refilling one vesicle after ∆t seconds.

The number of vesicles that are available to refill RP exceeds Nmax by a large

number [Matveev and Wang, 2000], thus, the replenishment of one released vesicle

can be modeled by the first event of a Poisson process [De La Rocha and Parga,
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2005]. Therefore, the probability of one vacancy replenishment is derived as

G(τD,∆t) = 1− exp
(
− τ−1

D ∆t
)
, (8.2)

and the number of recovered vesicles after ∆t seconds is derived based on Binomial

distribution given by B(Nmax −N,G(τD,∆t)) [Ramezani et al., 2018a].

Vesicles can be released spontaneously or upon arrival of a spike. Hence, we

consider both of these scenarios while deriving the vesicle release probability.

Evoked Vesicle Release

The arrival of AP to the pre-synaptic terminal initiates the influx of calcium ions

by opening the voltage dependent calcium channels (VDCCs). These calcium ions

diffuse into the pre-synaptic terminal where they bind to calcium buffers or sensors.

When enough calcium ions are attached to the sensor, which is in the vicinity of the

available vesicles for release, the fusion of vesicles with the membrane is initiated.

This causes vesicle release to the synaptic cleft [Bear et al., 2007]. We use Bertram

model [Bertram et al., 1996,Veletić et al., 2016b] to quantify vesicle release proba-

bility upon arrival of AP. In this model, it is assumed that there are four binding

sites for calcium, namely, (j = 1, 2, 3, 4), with different opening and closing rates.

Thus, the probability that the release site is activated, Pv(t), is given as [Bertram

et al., 1996],

Pv(t) = O1(t)O2(t)O3(t)O4(t) (8.3)

where Oj is an opening probability associated with site j and

dOj(t)

dt
= k+

j Capre(t)−
Oj(t)

τj
, j = 1, 2, 3, 4

where Capre(t) is a pre-synaptic calcium concentration that is affected by the astro-

cytic feedback, k+
1 = 3.75× 10−3, k+

2 = 2.5× 10−3, k+
3 = 5× 10−4, k+

4 = 7.5× 10−3,
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k−
1 = 4 × 10−4, k−

2 = 1 × 10−3, k−
3 = 0.1, k−

4 = 10 and τj =
1

(k+j Capre(t)+k−j )
[Veletić

et al., 2016b].

The vesicle release is also governed by Poisson process with rate λv(t), thus,

by using splitting property of non-homogeneous Poisson processes [Chahibi and

Akyildiz, 2014] we have,

λv(t) = Pv(t)λ(t)

Fusion rate for each vesicle during ∆t is

αv(∆t) =

∫ t0+∆t

t0

λv(t)dt =

∫ t0+∆t

t0

Pv(t)λ(t)dt

The probability of univesicular release in hippocampal neurons, when RP con-

tains N vesicles is given as [Matveev and Wang, 2000],

P{V[n]=1|S[n]=1} =





1− exp(−Nαv(∆t)), ∆t ≤ ∆ts

1− exp(−Nαv(∆ts)), ∆t > ∆ts

(8.4)

where ∆ts is the spike duration.

Spontaneous Vesicle Release

The spontaneous release event is generated by Poisson process with rate λ0(t) [Nad-

karni and Jung, 2007]. The spontaneous release probability from a synapse with N

vesicles during ∆t seconds is

P{V[n]=1|S[n]=0} = 1− exp(−Nλ0(t)∆t) (8.5)
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where

λ0(t) = a3

(
1 + exp

(a1 − Capre(t)

a2

))−1

and a1, a2 and a3 are coefficients that depend on number of active zones [Nadkarni

and Jung, 2007]. In this chapter, we are considering only one active zone and the

corresponding values of these coefficients are given in Table 8.1.

8.2.3 Astrocytic Calcium Response due to presynaptic vesicle release

Neurotransmitters released from pre-synaptic neuron, in addition to binding with

the postsynaptic neuron, also bind with metabotropic glutamate receptors (mGluRs)

present on astrocytes. This binding leads to a production of inositol triphosphate

(IP3), a second messenger, which causes release of calcium from internal stores in

astrocyte. The IP3 concentration p degrades with time and is given by the following

equation [Nadkarni and Jung, 2007],

dp

dt
= −1

τ
(p− p0) + vp

(CaAstro(t) + 0.2kp)

kp + CaAstro(t)
+

v
gn

kg
n + gn

(Θ(t− ti)−Θ(t− ti − 2ms))

(8.6)

where CaAstro(t) is the concentration of calcium in astrocyte, −1/τp is a degradation

rate of p, p0 is the basal level of p, g denotes the glutamate concentration coming

in contact with astrocyte. It is fixed as 200 µM for 2 ms. Other parameters are

defined in [Nadkarni and Jung, 2007] in detail.

A simple stochastic model for calcium concentration in astrocyte is given by

modifying Li-Rinzel model [Shuai and Jung, 2002],

dCaAstro(t)

dt
= −Jc(q)− Js − Jl

dq

dt
= αq(1− q)− βqq + ζ(t)

(8.7)
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where Jc(q), Js and Jl are three major fluxes that change calcium concentration

in astrocytes. When cytosolic calcium rises too high, calcium induced inhibition

to the rising calcium flux is represented by q, where αq and βq are the activation

and inactivation rates, respectively, that control the inhibition. The definitions of

the variables in (8.7) their respective equations are detailed in [Nadkarni and Jung,

2007].

Gliotransmitters that include glutamate molecules are released from the astro-

cytes when its cytosolic calcium concentration exceeds a threshold of approximately

200 nM.

8.2.4 Feedback from Astrocyte to Neuron

Glutamate released by astrocyte bound to glutamate receptors present on the pre-

synaptic terminal. This binding increases intracellular calcium in pre-synaptic neu-

ron through release of calcium from internal stores. The rise of calcium supports

spontaneous vesicle release leading to potentiation of synaptic transmission that can

last for minutes [Fiacco and McCarthy, 2004,Perea and Araque, 2007]. However, it

is a slow process that lasts from seconds to minutes or maybe even longer. On the

other hand, calcium entering the pre-synaptic terminal through voltage-gated cal-

cium channels opened during an action potential changes calcium concentration such

that it decays within about 100 ms after action potential, by diffusion and buffer

kinetics. To differentiate between these two types of calcium inflows, we divide the

total pre-synaptic calcium concentration Capre into the calcium concentration due to

AP, i.e., Capre,AP , entering through voltage gated calcium channels and the calcium

concentration released from the stores, i.e., Capre,st and decaying on a time scale of

about a minute, i.e.,

Capre(t) = Capre,AP (t) + Capre,st(t), (8.8)

dCapre,st(t)

dt
= −γCapre,st(t)+ αCaAstro(t)Θ(CaAstro(t)− Cathresh), (8.9)
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Table 8.1: Simulation Parameters for Tripartite Synapse

Parameters Symbols Values

Refractory period τref 2 ms [Kobayashi et al., 2009]

Time-step duration ∆t 0.02 ms

Vesicle replenishment time τD
600

Nmax

ms [Ramezani and Akan, 2017e]

Spontaneous release parameters a1, a2, a3 7181µM , 606µM , 100ms−1 [Nadkarni
and Jung, 2007]

Capre due to AP Capre,AP 300µM [Nadkarni and Jung, 2007]

Threshold of CaAstro Cathresh 196.4nM [Nadkarni and Jung, 2007]

Rate constant γ 0.02×10−3ms−1 [Nadkarni and Jung,
2007]

Feedback strength for one Active Zone α 0.101ms−1 [Nadkarni and Jung, 2007]

where γ is the rate constant representing the time-scale of astrocytic potentiation.

The second term in Eq. (8.9) with Theta function represents linear increase in

pre-synaptic calcium as soon as astrocytic calcium exceeds its threshold value, i.e.,

Cathresh. α is the feedback strength in calculated in presence of one active zone

[Nadkarni and Jung, 2007].

8.3 Information Transmission Rate

For analyzing the achievable rate of information transmission over our model, we use

basic definitions from information theory. The input and output of our model are

the spike train, S[n] and the generated vesicle release at output, V [n], respectively.

Thus, the mutual information of the vesicle release process is derived as

I(S[n];V [n]) = H(V [n])−H(V [n]|S[n]), (8.10)

where the entropies in (8.10) follow the following general formula,

H(ζ[n]) =
∑

i

P{ζ[n] = i}. log2 P{ζ[n] = i}

.

Since the probability of vesicle release is dependent on calcium concentration
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in pre-synaptic terminal, which is changing over time due to astrocytic feedback

as explained in Section 8.2, P{V [n]|S[n]}, thus, H(V [n]|S[n]), will change over

time. Hence, the mutual information between input and output of the vesicle re-

lease process. i.e., I(S[n];V [n]), will also change over time. Consequently, de-

riving closed form equations for probabilities and mutual information is not fea-

sible in this scenario. Thus, vesicle release in response to action potential, i.e.,

P{V[n]=1|S[n]=1} as well as spontaneous vesicle release, i.e., P{V[n]=1|S[n]=0},
are calculated through Monte Carlo simulations by using (8.4) and (8.5), respec-

tively. The probabilities in (8.4) and (8.5) depend on instantaneous pre-synaptic

calcium concentration, i.e., Capre(t), which is given by (8.8). As explained in Sec-

tion 8.2, Capre(t) is affected by feedback from astrocyte and this effect is evaluated

by using (8.6) through (8.9).

Finally, we will use these simulation results to calculate average changes in the

mutual information over time, between input and output of the process, i.e.,

Iavg =
n∑

l=1

I(S[l];V [l]

n
, (8.11)

In hippocampal neurons, once a vesicle is released, whether it be evoked or

spontaneous, the vesicle release machinery renders inactive for almost 6.3 ms. This

is referred to as very short-term plasticity in [Dobrunz et al., 1997]. Thus, this

plasticity is also included in our simulation set-up.

8.4 Simulation results

In our simulation set-up, we are considering a vesicle release process in a hippocam-

pal neuron. In this section, we are simulating vesicle release process to evaluate

the combined effect of short and long-term plasticity on vesicle release probability,

which ultimately affects the information transmission through the neuronal chan-

nel. We are considering a pool-based vesicle release model as described in section II.

This pool-based model incorporates the rates of vesicle depletion and replenishment
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(b) Nmax = 5
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(f) Nmax = 27

Figure 8.3: (a)-(d) Vesicle release probability for different values of Nmax with LTP
and STD, (e)-(f) Vesicle release probability for Nmax = 2 and Nmax = 27, respec-
tively, for 5 ms window. (λ = 500Hz).

which happens with a certain delay i.e. the rates of depletion and replenishment

are not same. This phenomenon varies vesicle release probability with time but on

short time scale. Thus, this effect is considered to cause short-term depression in

the signal transmission [De La Rocha and Parga, 2005].

Since vesicle release, both evoked and spontaneous, is dependent on calcium

concentration in pre-synaptic terminal on molecular level as explained in section

II, slight variation in calcium concentration greatly affect the probability of release.
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(c) Nmax = 27

Figure 8.4: Vesicle release probability for different values of Nmax without Astrocyte,
i.e., with only STD (λ = 500Hz).
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Figure 8.5: Release probability for different values ofNmax with instantaneous vesicle
replenishment, i.e., with only LTP (λ = 500Hz).

Thus,we use calcium based model for vesicle release probability for simulations.

To investigate the impact of plasticity on vesicle release probability, thus, on

information flow through the neuron, we simulate the vesicle release process along

with the feedback from astrocyte for tens of seconds since the effects of long term

plasticity lasts for longer times. By discretizing time into n time slots, we did

1000 iterations for each time slot and calculated release probability and the average
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mutual information between the input and output of the vesicle release process,i.e.,

input spike, S[n], and vesicle release, V [n], respectively. Since, we are dealing with

the differential equations in our simulation, we need to keep the simulation time-step

very small.

8.4.1 Variation in Vesicle Release Probability w.r.t Nmax

In our model, for any value of Nmax, there are two phenomena working at the same

time to vary the information flow through the neuron. One is the depletion of

vesicle after each vesicle release that causes short-term synaptic depression (STD)

and the other one is increase in calcium concentration with time in pre-synaptic

terminal due to astrocytic feedback causing long-term potentiation (LTP). Both

types of plasticities are included in simulation set up to obtain Fig. 8.3. The values

of Nmax are selected corresponding to the range reported in biological studies of

hippocampal neurons [Matveev and Wang, 2000]. We can see that for lower values

of Nmax probability build up is slower as compare to the higher values of Nmax since

number of available vesicle is higher at any time causing more chances of vesicle

release. Thus, frequent release of vesicles will generate more positive feedback from

asrtocytes in any given time. Ultimately, the probability achieves higher values

for higher Nmax for the same time window. In Fig. 8.3 (e) and (f), the change

in probability for two extreme values of Nmax, i.e., 2 and 27, are shown for 5 ms

window after 15 seconds of simulation. It is clearly observed that for smaller value

of Nmax, probability is going to zero for longer intervals of time owing to the slower

vesicle replenishment.

In Fig. 8.4, we simulate the system without astrocytic feedback, i.e., without

LTP. It can be observed that in the absence of LTP, there is no probability build up

due to STD for any value of Nmax, however, the basal value of probability is higher

for greater Nmax as expected. In presence of STD, reduction in release probability

with time is expected. However, our results are shown larger time-scale, thus, we

cannot observe the short-term changes, happening over time-scale of milliseconds

due to STD in these figures.
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Next, for comparison purpose, we consider the instantaneous replenishment of

vesicles after release, i.e., Nmax vesicles would be available in each time slot, thus,

there will be no STD. The system is simulated only with LTP. This should increase

the vesicle release probability in each time slot, thus, probability build up is expected

to increase with time. In Fig. 8.5, we can observe that probability build up is slower

for very low values of Nmax as compared to very high Nmax. This is because for very

large Nmax with slow replenishment rates there will be enough number of vesicles to

keep high probability build up even at the start of the process.

8.4.2 Variation in Vesicle Release Probability w.r.t λ

We also simulate our model for different input spike frequencies, λs, keeping Nmax

constant at 10 to observe its effect on build up of release probability. The changes

in probability with λ are not significant as can be observed in Fig. 8.6. The trend

of probability is same for all values of frequencies for a fixed Nmax. This is due to

fact that even if there are more spikes at the input at high input frequency λ, the

release probability still depends on Nmax which is reducing with each release and the

replenishment is slower as compare to the release rate. Therefore, probability build

up is not high for high frequency due to unavailability of the releasable vesicles.

Moreover, we can observe in Fig. 8.3 that higher values of release probability were

achieved for higher Nmax at the same input spike rate. Thus, it can be concluded

that the release probability saturates after certain spike rate depending on the value

of Nmax as a result of insufficient releasable vesicles to cater high frequency stimulus.

Also, the saturation value would be higher for higher values of Nmax.

8.4.3 Mutual Information

In this section, we calculate the average mutual information between input spike

and vesicle release for different values of maximum available vesicles, Nmax and

input spike frequencies λ. In Fig. 8.7, we can observe that for each value of Nmax,

the average information transmission rate is increasing with time. In our model

we aim to observe the impact of short as well as long term plasticity on the vesicle
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(a) λ = 20Hz
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(b) λ = 200Hz

0 5 10 15 20

Time (sec)

0

2

4

6

8

P
ro

ba
bi

lit
y 

of
 v

es
ic

le
 r

el
ea

se

10-3

(c) λ = 500Hz

Figure 8.6: Release probability for different values of λ with LTP and STD (Nmax =
10).
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Figure 8.7: Mutual Information for different values of Nmax with LTP and STD
(λ = 500Hz).

release process. According to [Ramezani and Akan, 2017e], the short term depression

occurs due to pool-based model of vesicle release where the replenishment rate of

vesicles has been observed to be slower than the release rate. Moreover, the long-

term effect is caused by increase in calcium concentration in neuron contributed by

astrocytes over a long period of time. To make it more obvious, we simulated the

system without astrocytic feedback and we observe in Fig. 8.8 that the average

rate is almost constant over time achieving very low values. Thus, as we can see in

Fig. 8.7, the strengthening of the synapse over the time period of 30 seconds is due

to the effect of long term plasticity contributed by astrocytes. Moreover, average

mutual information is increasing faster for higher values of Nmax as the probability

of release is higher for high number of available vesicles at a time.
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Figure 8.8: Mutual Information for different values of Nmax without Astrocyte, i.e.,
with only STD (λ = 500Hz).
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Figure 8.9: Mutual Information for different values of Nmax with instantaneous
replenishment of vesicles, i.e., with only LTP (λ = 500Hz).

In Fig. 8.9, the system is simulated with vesicle replenishment occurring instan-

taneously, thus, ignoring the effect of short-term depression on mutual information.

Therefore, by comparing Fig. 8.7 and Fig. 8.9, we can observe that in absence of

depression, the average mutual information has higher steady state values for each

Nmax.

In Fig. 8.10, the effect of varying input spiking rate is shown on the average

mutual information for a fixed value of Nmax = 10. Since at higher input spiking

frequency, the chances of evoked vesicle release are higher, thus, we can see an in-

crease in average mutual information. With time, more number of vesicle releases
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Figure 8.10: Mutual Information for different spiking frequencies (λ) and Nmax = 10
with LTP and STD.

would generate more positive feedback from the astrocytes resulting in high calcium

concentration in pre-synaptic terminal further increasing the probability of sponta-

neous vesicle release, thus, increasing the average mutual information. However, it

is also obvious that the build up of average rate with the increase in input spike

frequency is comparatively far less than what is caused by increasing the maximum

number of available vesicles Nmax as shown in Fig. 8.7.

8.5 Conclusion

Synaptic plasticity is the ubiquitous phenomenon in central nervous system that

is responsible for learning and memory. Thus, it is inevitable to include plasticity

while modeling the neuro-spike communication to completely understand the brain

functions as well as to develop novel diagnostic and treatment techniques for ner-

vous system diseases. Studies have shown that astrocytes play a vital role in the

regulation of synaptic plasticity, thus, it is crucial to evaluate the effects of plas-

ticity on neural signaling in the presence of feedback from astrocyte. Therefore,

in this chapter, we focused on the vesicle release process in a tripartite synapse to

evaluate the impact of LTP caused by astrocyte on information flow. Since vesicle

release process inherently possesses STD due to the depletion of vesicles with every
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single release, we studied the combined effect of STD and LTP on vesicle release

process for the first time in literature from the perspective of communication theory.

Moreover, we evaluated the changes in release probability and average mutual in-

formation between input spikes and vesicle release with time, for different synaptic

parameters such as number of available RRVs, input spike rate and replenishment

rate of vesicles. We have the following observations:

• In absence of astrocyte (i.e., in bipartite synapse), transmission rate is far less

than what is achieved with the tripartite synapse, thus, information rates are

underestimated when we ignore the presence of astrocytes in the network.

• Although LTP’s effect is more prominent on release probability than STD

over longer time-scales, the removal of STD from the model, i.e., having in-

stantaneous replenishment causes increase in overall value of average mutual

information over time. This effect is more pronounced for higher values of

Nmax. Thus, studying combined effect of different types of plasticity is crucial.

• Release probability was expected to achieve higher values with time for higher

input frequencies. However, we observe that the release probability saturates

as the spiking frequency is increased for fixed value of Nmax. This is due to

the fact that RRVs are reducing with each release and the replenishment is

slower as compare to the release rate. Thus, insufficient RRVs would not allow

increase in release probability with the increase in input frequency.

Our analysis highlights the importance of a comprehensive and realistic model for

neuro-spike communication channel consisting of a tripartite synapse analyzing com-

bined effects of different types of synaptic plasticity to fully evaluate the performance

of neuro-spike communication paradigm. However, studying complete neuro-spike

communication channel with plasticities caused by various synaptic phenomena is

still an open research question.
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Chapter 9

CONCLUSION

The recent advancements in nanotechnology has enabled the development of

nano-scale devices with unique and useful characteristics. These nanodevices are

one of the frontiers of the scientific research in the current age, and have a huge set of

applications in diverse domains. Some of these include nanoscale sensing, intelligent

drug delivery, body area networks (BANs), Internet of Bio-nano Things (IoBNT) and

other industrial and environmental monitoring applications. However, a nanodevice

itself has operational limitations due its size, which can be overcome by operating in

the form of a network. These nanonetworks call for novel communication paradigm

due to their unconventional nature.

Neurons are biological nano-scale devices that use molecular communication to

carry out the most complicated functions of the human body. Thus, studying

nervous nanonetworks from communication theoretical perspective would lay the

foundation of a novel bio-inspired communication paradigm for the nanonetworks.

Hence, in this thesis, we analyzed the nervous nanonetworks from communication

and informational theoretical perspective. We focused on realistically modeling and

analyzing neuro-spike communication including the most important phenomenon

called synaptic plasticity. In the following, we elaborate the detailed conclusion

reached in each chapter.

9.1 Fundamentals of Molecular Information and Communication Sci-

ence

In this chapter, we introduced an entirely novel perception of molecular communi-

cation paradigms to lay down the foundations of science of molecular information

and communication. Human body is an epitome of molecular signaling that is be-
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ing investigated to design and optimize nanonetworks. Therefore, we seized this

opportunity to analyze recent literature on intra-body nanonetworks and molecular

communication and present open issues that need to be addressed in order to define

and extract the fundamentals of molecular information and communication science.

Based on this investigation we proposed a framework to unveil fundamental limits

of molecular information science by relating ICT-based characteristics of molecular

communication channel to its physical and chemical properties. Finally, we high-

lighted the significance of molecular information and communication science in life

sciences focusing on its applications in developing ICT-based diagnosis and treat-

ment techniques for the diseases caused by malfunction of intra-body nanonetworks.

9.2 Diffusion-based Model for Synaptic Molecular Communication Chan-

nel

In this chapter, we investigated one of the most advanced mechanism of molecular

communication that exists in nature. We focused on the point-to-point synaptic

channel in hippocampal neuron and introduced a novel mathematical formulation

of neurotransmitters’ diffusion in synaptic cleft that encompasses the effects of geo-

metrical structure of synapse and re-uptake phenomenon. As a result of this math-

ematical achievement we have developed a deterministic code, which calculates the

expected behavior of synaptic molecular communication channel. The predictions of

this code are successfully verified by a corresponding Monte Carlo simulation. This

is one of the main contributions of this work, as the code developed takes much less

time for the same task compared to the Monte Carlo approach.

Moreover, we observed the effects of variations in various synaptic parameters

on number of maximum bound receptors and time to reach this maximum, which

together determine EPSP profile. The results obtained in this analysis comply with

the outcomes of existing physiological studies and simulations in literature. We

also discussed the possible causes of trial-to-trial variability in peak amplitude of

EPSP. Eventually, we performed communication theoretical analysis of our model

by evaluating error probability in output detection.
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9.3 Information Theoretical Analysis of SISO Synaptic Communica-

tion

In this chapter, we analyzed a realistic physical reference model as the most ba-

sic realization of nanonetworks that utilize neuro-spike communication paradigm

from information theoretical perspective. We formulated the mutual information

between input and output of a SISO synaptic communication for a single trans-

mission. Since this system has memory, we found the average mutual information

over multiple transmissions to evaluate its overall capacity. Moreover, we derived a

closed-form expression for the capacity of synaptic transmission and calculated the

capacity-achieving spiking probability. Finally, we found the effects of change in var-

ious synaptic parameters, such as spiking probability, number of readily releasable

vesicles (RRVs) and number of neurotransmitters in a vesicle, on the information

capacity of the system.

9.4 Sum Rate of MISO Neuro-spike Communication Channel with

Constant Spiking Threshold

Certain limitations and constraints exist on the transmission capacity of a MISO

neuro-spike communication system as a result of different stochastic processes in-

volved in it and the available metabolic energy for neurons to carry out their routine

processing. In this chapter, we derived the closed form equation for the mutual in-

formation between input and output of a MISO neuro-spike communication system.

Moreover, we quantified the maximum rate of information transmission after tak-

ing into account the consumed metabolic energy in terms of ATP molecules. Fur-

thermore, we have studied impacts of number of pre-synaptic terminals, biological

parameters of the channel and available metabolic energy on the maximum achiev-

able sum rate of the MISO neuro-spike communication. The results provided in

this chapter gives insights on (i) selecting channel parameters while designing bio-

inspired nanonetworks based on neuro-spike communication and (ii) the impact of

diseases that change the neuro-spike communication channel characteristics on the
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performance of nervous nanonetwork.

9.5 Sum Rate Analysis of Multiple-Access Neuro-Spike Communica-

tion Channel with Dynamic Spiking Threshold

Neurons use spikes to encode information form the outside world to be processed

inside the brain. The cortical neurons receive inputs from the multiple pre-synaptic

neurons and generate a spike when its membrane potential reaches a spiking thresh-

old. The researchers succeeded in regenerating the spike trains considering the

adaptive spiking threshold that depends on previous spike generation. Adaptive

threshold is also an important factor in causing short-term plasticity in the brain,

which is used to control the information flow between neurons. Thus, in this chapter,

we analyzed information transmission in the multiple-access neuro-spike communi-

cation channel with dynamic spiking threshold model for spike generation. Fur-

thermore, neuro-spike communication has a major constraint in terms of metabolic

energy required by the brain cells to carry out their routine processing. Therefore,

we quantified the maximum achievable sum rate taking into account the metabolic

cost in terms of ATP molecules consumed. Moreover, we analyzed different types

of cortical neurons, i.e., RS, IB and FS neurons and concluded that FS neurons

are the most efficient in terms of energy consumption, however, IB neurons provide

highest data transmission rates. This analysis would help us to select the neuron

with suitable characteristics for a particular application of the nanonetworks.

9.6 Impact of Long Term Plasticity on Information Transmission over

Neuronal Networks

In this chapter, we studied the impact of STDP on the performance of multiple

access neuro-spike communication channel for correlated as well as uncorrelated

input spike trains. STDP depends on timing of input and output spike trains and

the correlated activity of presynaptic neurons affects the output spike generation

probability. Thus, we analyzed the role of correlation among input spike trains on
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the strengthening of synaptic weights induced by STDP and ICT-based performance

of the network. We observed that the existence of correlated presynaptic neurons in

the network improves the synaptic weights of the uncorrelated presynaptic neurons

as well. Moreover, we analyzed the evolution of synaptic weights over time and

its impact on mutual information. We observed that average mutual information

improves with time as the number of correlated inputs or the correlation factor

increases, however, these changes are finally saturated when there are sufficient

spikes at the input to guarantee the generation of spike at the output. Our analysis

signifies the importance of a comprehensive model for neuro-spike communication

channel consisting of long-term plasticity to fully evaluate the performance of the

nanonetwork using neuro-spike communication paradigm. Note that studying the

combined effect of short term and long term plasticity stays as an open direction.

This study gives insights to realize appropriate structure of a bio-inspired NN

by adjusting its synaptic weights for a particular biomedical application through

selection of suitable control parameters such as input spike rate, number of correlated

inputs and degree of correlation among them. Moreover, in applications where bio-

inspired NNs need to interface with real neurons, the synaptic weights of real neurons

can be manipulated by adjusting control parameters through bio-inspired NNs acting

as input neurons.

9.7 Communication Theoretical Modeling and Analysis of Tripartite

Synapses with Astrocytes in Synaptic Molecular Communication

Synaptic plasticity is the ubiquitous phenomenon in central nervous system that

is responsible for learning and memory. Thus, it is inevitable to include plasticity

while modeling the neuro-spike communication to completely understand the brain

functions as well as to develop novel diagnostic and treatment techniques for ner-

vous system diseases. Studies have shown that astrocytes play a vital role in the

regulation of synaptic plasticity, thus, it is crucial to evaluate the effects of plas-

ticity on neural signaling in the presence of feedback from astrocyte. Therefore,

in this chapter, we focused on the vesicle release process in a tripartite synapse to
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evaluate the impact of LTP caused by astrocyte on information flow. Since vesicle

release process inherently possesses STD due to the depletion of vesicles with every

single release, we studied the combined effect of STD and LTP on vesicle release

process for the first time in literature from the perspective of communication theory.

Moreover, we evaluated the changes in release probability and average mutual in-

formation between input spikes and vesicle release with time, for different synaptic

parameters such as number of available RRVs, input spike rate and replenishment

rate of vesicles. We have the following observations:

• In absence of astrocyte (i.e., in bipartite synapse), transmission rate is far less

than what is achieved with the tripartite synapse, thus, information rates are

underestimated when we ignore the presence of astrocytes in the network.

• Although LTP’s effect is more prominent on release probability than STD

over longer time-scales, the removal of STD from the model, i.e., having in-

stantaneous replenishment causes increase in overall value of average mutual

information over time. This effect is more pronounced for higher values of

Nmax. Thus, studying combined effect of different types of plasticity is crucial.

• Release probability was expected to achieve higher values with time for higher

input frequencies. However, we observe that the release probability saturates

as the spiking frequency is increased for fixed value of Nmax. This is due to

the fact that RRVs are reducing with each release and the replenishment is

slower as compare to the release rate. Thus, insufficient RRVs would not allow

increase in release probability with the increase in input frequency.

Our analysis highlights the importance of a comprehensive and realistic model for

neuro-spike communication channel consisting of a tripartite synapse analyzing com-

bined effects of different types of synaptic plasticity to fully evaluate the performance

of neuro-spike communication paradigm. However, studying complete neuro-spike

communication channel with plasticities caused by various synaptic phenomena is

still an open research question.
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