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Prof. Alper T. Erdoğan
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ABSTRACT

Research efforts in nanotechnology have opened the way for deployment of nanonet-

works comprising nanomachines with bio-inspired capabilities inside the body. De-

ploying nanonetworks and connecting them to the Internet based on Internet of Bio-

Nano Things (IoBNT) framework can result in wide range of possible biomedical

applications including treatments techniques of nervous diseases. Molecular com-

munication (MC) has been proposed as a communication technology solution to be

employed among nanomachines. Since biological systems use most advanced forms

of MC, this motivates information and communication technology (ICT) community

to develop bio-inspired communication systems at the nanoscale for nervous system

diseases such as spinal cord injuries (SCI), which cannot be recovered to the date

by any treatment method. In this respect, a framework was proposed for develop-

ing ICT-based treatment and diagnosis tools for nervous diseases. According to this

framework, understanding of nervous nanonetworks and extracting ICT metrics based

on their analysis are the key steps for the development of these techniques. Hence, this

thesis focuses on the realistic modeling and information theoretical analysis of spinal

cord networks. To this end, we apply existing neuro-spike communication channel

models to the particular spinal cord networks to analyze the rate of information flow

across them. Based on our analysis, we obtain correlations between several types

of spinal injuries and information theoretical metrics. Moreover, we further propose

novel ICT-based treatment techniques which can use the advantages aspects of ex-

isting and bio-inspired communication & networking methods to recover disrupted

communications in the nervous nanonetwork after SCI.
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ÖZETÇE

Nano teknoloji alanındaki çalışmalar, nano makinelerden oluşan nano ağların

vücut içinde kullanılmalarının yolunu açmıştır. Nano ağların kullanımı ve Biyo-Nano

nesnelerin interneti çatısı altında internete bağlanması, sinir sistemi hastalıkları te-

davileri dahil sayısız biyomedikal uygulamalarla sonuçlanabilir. Moleküler haberleşme

(MH), nano makineler arasında kullanım için önerilmiş bir haberleşme teknolojisidir.

Biyolojik sistemlerin MH’nin en gelişmiş yöntemlerini kullanması, bilgi ve iletişim

teknolojileri (BT) topluluğunu omurilik yaralanmaları (OY) gibi tedavisi olmayan

sinir sistemi hastalıklarını nano düzeyde ve biyolojiden ilham alan tedavi yöntemleri

geliştirmeye yöneltmektedir. Bu konuda, sinir sistemi hastalıklarını BT temelli te-

davi ve teşhis yöntemleri geliştirmek için bir çatı önerilmiştir. Bu çatıya göre, sinir

ağlarının anlayışı ve analizlerinden BT metriklerinin elde edilmesi bu tekniklerin

geliştirilmesinde önemli faktörlerdir. Bu nedenle, bu tez omurilik ağlarının gerçekçi

modellenmesi ve bilgi kuramı analizine eğilmektedir. Bu amaçla, haberleşme hızını

analiz etmek için mevcut nöro atım haberleşme kanal modellerini omurilik ağına

uygulamaktayız. Analizimi dayanarak, çeşitli omurilik yaralanmaları ve bilgi kuramı

metrikleri arasında korelasyonlar elde etmekteyiz. Ayrıca, OY’den sonra bozulan

sinir sistemi ağındaki haberleşmeyi yeniden sağlamak için mevcut ve biyo-ilhamlı ağ

oluşturma & haberleşme tekniklerinin avantajlarını kullanabilen özgün BT temelli

tedavi yöntemleri önermekteyiz.
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Chapter 1

INTRODUCTION

1.1 ICT-based Understanding of Spinal Cord Networks and the Treat-

ment of Spinal Cord Injuries

Advancements in nanotechnology have enabled the deployment of nanonetworks com-

prising of nanomachines with biologically inspired capabilities inside human body. In

this respect, nanonetwork paradigm opens the way for wide range of applications

including biomedical applications relying on Internet of Bio-Nano Things (IoBNT)

framework which was proposed as the basis for such systems [4].

To realize nanonetworks, one of the most promising technologies is molecular

communication (MC) because many types of MC are already being employed by

biological systems inside us [5]. Considering the evaluation of our biological systems,

communication between bio-nano entities is expected to be optimized in the nanoscale

while certain limitations exists such as processing, memory and energy source. Intra-

body nanonetworks are parts of our biological systems and they include the examples

of most advanced forms of MC such as electro-chemical signaling between neurons

in the very large scale nervous nanonetwork, namely, neuro-spike communication.

This motivates the development of nanoscale bio-inspired communication systems for

information and communication technology (ICT) based treatment and diagnosis of

nervous system dysfunctions such as spinal cord injuries (SCI).

SCI disrupts healthy communication between the brain and the spinal cord (SC),

which is sustained by spinal cord pathways, and results in serious motor and sensory

deficits in the subjects due to injured or lost pathways. To recover these pathways,
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bio-engineering, medical and surgical methods have been developed; however, to the

date recovery from SCI is not possible by any means of treatment and biological

recovery. On the other hand, ICT-based treatment techniques can be successful at

recovering SCI by benefiting from the existing and bio-inspired communication, net-

working techniques and applying these methods to recover healthy communication in

the injured SC network. On the other hand, this requires understanding of healthy

and damaged nervous nanonetworks from ICT perspective. In this respect, framework

for the development of future ICT-based treatment techniques and tools was intro-

duced in [5]. Accordingly, extensive research effort has focused on the modeling and

analysis of neuro-spike communication [6–12] and other physical and conceptual com-

munication models for neural communication [13–17]. However, realistic neuro-spike

communication network model for SC, which can enable us to determine characteris-

tics of healthy and damaged SC network using ICT metrics, has not been considered,

yet.

Therefore, the focus of this thesis is information theoretical understanding of spinal

cord networks/injuries and the development of further ICT-based treatment methods

for recovering SCI. Thus, in Chapter 2, we model a spinal cord motor circuitry that is

responsible from the control of a particular muscle by applying multi-terminal neuro-

spike network model to determine the total rate of information flow to the spinal

cord for the movement of a muscle and investigate the correlation between informa-

tion theoretical metrics and SCI. In Chapter 3, we extend our single-hop neuro-spike

model in Chapter 2 to obtain more realistic analysis of brain-spinal cord information

transmission through descending spinal cord pathways. The deduced results from our

analysis can be used in diagnosis tools relying on nanonetwork simulation frameworks

and in developing deployment strategies for replacement intra-body nanonetworks.

Finally, in Chapter 4, we propose two novel ICT-based treatment methods for SCI

and discuss their future applications.
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1.2 Main Contributions

Regarding ICT-based understanding of nanoscale communication in the nervous nanonet-

work and treatment methods for SCI, main contributions of this thesis are listed as

follows.

� Realistic treatment of a spinal cord motor nucleus system by application of

single-hop multi-terminal neuro-spike network model and performing it analysis

with the realistic channel parameters.

� Deriving the upper bound for the network capacity of layered neuro-spike com-

munication networks modeling the spinal cord descending pathways.

� Deducing relationship between several information theoretical metrics and up-

per motor neuron syndromes and lower motor neuron syndromes, respectively.

� Proposing novel ICT-based treatment techniques that can recover disrupted

sensory and motor transmission after SCI by either bypassing injury site or

replacing injured neurons.

1.3 Thesis Outline

This thesis is organized as follows.

Chapter 2: In this chapter, we consider a spinal cord motor nucleus controlling

a particular muscle, which is a basic motor network in the spinal cord. Hence, it

is an an ideal candidate for studying in order to have an understanding of spinal

cord injuries (SCI). When communication fails through a particular motor nucleus,

its effects can be monitored directly on the corresponding muscle. Typical spinal

cord motor nucleus system contains pool of lower motor neurons (MNs) controlling

a muscle by integrating synaptic inputs from spinal interneurons (INs), upper motor

neurons (DNs) and sensory neurons (SNs). We consider spinal cord motor nucleus

system from ICT perspective with the aim of quantifying the rate of information flow



4 Chapter 1: Introduction

across it. To this end, we model an equivalent single-hop multi-terminal network,

where multiple transmitting nodes representing heterogeneous population of DNs,

INs and SNs send information to multiple receiving nodes corresponding to MNs. To

identify the outputs at receiving nodes, we define corresponding neuro-spike commu-

nication channel and then find the bound on total rates across this network. Based

on the network model, we analyze achievable rates for a particular motor nucleus

system called Tibialis Anterior (TA) motor nucleus in the spinal cord numerically

and simulate several spinal cord dysfunction scenarios. The numerical results reveal

that decrease in the maximum total rates with the lower motor neuron injury causes

weakness in the affected muscle.

Chapter 3: In this chapter, we extend our single-hop neuro-spike network model

to layered neuro-spike network model with the focus of its application to descending

spinal cord pathway, which is responsible from down-link transmission of brain motor

signals to the spinal cord. Our aim is to analyze the rate of motor information

flow to the spinal cord. To this end, we model the spinal cord motor network as

layered network consisting of cascade of two independent neuro-spike X-channels.

Since the network capacity is determined by the minimum hop capacity, we formulate

the capacity for neuro-spike X-channel and derive upper bound for it. Moreover, based

on our evaluations, we reach to several deductions between information theoretical

metrics and upper/lower motor neuron syndromes.

Chapter 4: In this chapter, we propose two ICT-based treatment techniques for

SCI. The first proposal is based on neural interface systems (NIS), where external

machines are interfaced with the brain and the spinal cord such that signals from the

brain are directly routed to the limbs for movement. Our proposed system can provide

fine motor movement by restoring sensory communication pathway unlike the existing

neural interfaces. The second proposal relates to the design of artificial neurons

that can be used to replace the injured or dead neurons. ICT-based techniques can

provide successful outcome by utilizing highly evolved communication and networking

methods developed to the date. In addition to treatment capability, proposed methods
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can enable smart health care for the patients with SCI by Internet of Bio-Nano Things

(IoBNT) applications. Furthermore, NISs can also be interfaced with the Internet of

Everything (IoE) environment so that direct interaction between the brain and the

things is enabled.



Chapter 2

INFORMATION THEORETICAL ANALYSIS OF

MULTI-TERMINAL NEURO-SPIKE

NETWORKS IN SPINAL CORD

2.1 Introduction

Spinal cord system comprises of complex networks including motor circuits, which

involve in execution of motor actions such as locomotion and postural control by

integrating inputs from periphery neurons and brain. Spinal motoneurons, MNs,

are the final common pathway where whole information is resolved. Spinal cord

motor system consists of several motor nuclei each of which having group of MNs

controlling a particular muscle group [1]. When the communication fails through a

particular motor nucleus, its effects can be monitored directly on the corresponding

muscle. Main synaptic inputs to a typical motor nucleus system are conveyed from

the periphery via SNs, from the brain via DNs as illustrated in Fig. 2.1. Moreover,

INs relay inputs from the spinal cord to MNs.

In the literature, brain and neurons of spinal cord have been modeled as cloud and

fog nodes based on the analogy between cloud and fog networking architecture in [15].

In [14], to recover communication failures through spinal cord sensory pathways,

replacement neural network using time division multiple access has been proposed.

However, a realistic communication network model for spinal cord system taking

physiological characteristics of neurons into account is not considered in the literature

to our knowledge.

In this chapter, our aim is to quantify the bound on the information flow across

a spinal cord motor nucleus system. To this end, we model equivalent neuro-spike
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MN Column To muscles

SNs

DNs

SPINAL CORD

Motor Cortex

MNs

Figure 2.1: Spinal cord motor nucleus system

communication network to a motor nucleus system as a single-hop multi terminal

network consisting of multiple transmitting and receiving nodes corresponding to

pre-synaptic and post-synaptic neurons, respectively. The inputs to the equivalent

channel are spike trains transmitted by the transmitting nodes and the outputs are

spike trains generated at the receiving nodes. Utilizing the neuro-spike communication

model describing vesicle release from pre-synaptic neuron, post-synaptic filtering and

post-synaptic spike generation, we find the output at each receiving node. Using this,

we derive a bound on the total achievable rate across the network. Based on the

neuron quantities in the spinal cord TA motor nucleus as shown in Table 3.4 and

realistic biophysical channel parameters for each class of neurons in the system, we

analyze effects of different class of pre-synaptic and post-synaptic neurons on the total

maximum achievable rates.

The main motivation behind this chapter is finding relationship between the infor-

mation theoretical metrics and several spinal cord dysfunctions. Hence, we simulate

several spinal cord diseases by changing the number of receiving and transmitting

nodes. Then, we find relations between information theoretical metrics and spinal

cord dysfunctions. The results reveal that when part of MNs is injured, decreasing
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Table 2.1: Types of Excitatory (Ex) and Inhibitory (Inh) Neurons (TA motor nucleus)
[1]

Class of Neuron Ex/Inh Quantity
SN (Ia afferent) Ex 280
IN (Ib interneuron) Inh 350
IN (Ia interneuron) Inh 350
MN (S, FF, FR ) - 350

total maximum rate results in weakness in the muscle. These results may help in de-

signing ICT-based diagnosis and treatment techniques. To our knowledge, this is the

first work studying a spinal cord system from neuro-spike communication perspective.

The rest of the chapter is organized as follows. Section 2.2 describes the equivalent

network model for spinal cord motor nucleus. In Section 2.3, bound on the total rate

across the network is formulated. In Section 2.4, numerical results are discussed.

2.2 Neuro-spike Communication Network Model of the Motor Nucleus

System

We consider a single-hop multi-terminal neuro-spike communication network, where

M transmitting nodes want to send information toK receiving nodes. Thus, transmit-

ting nodes only transmit, whereas receiving nodes only receive. Transmitting nodes

represent heterogeneous population of pre-synaptic SNs, INs, DNs. Receiving nodes

correspond to post-synaptic MNs. A simple multi-terminal neuro-spike network is

shown in Fig. 2.2.

Transmitted input spike train to the channel, Si, is associated with transmitting

node i, where i ∈M = {1, 2, ..,M}. We assume that inputs to the channel are inde-

pendent. The spike train output of the channel Yj is associated with receiving node

j, where j ∈ K = {1, 2, .., K}. Transmitting node i sends information to receiving

node j at rate Rij. The channel is memoryless with the channel transition function

P (Y K|SM) = P (Y1, Y2, ..., YK |S1, S2, ..., SM).
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Figure 2.2: Neuro-spike multi-terminal network

The channel considered is illustrated in Fig. 2.3. Possible links in the network are

{SN→MN, IN→MN, DN→MN}. Each class of link is under a connectivity proba-

bility. pSM, pIM and pDM denote connectivity probabilities for {SN→MN, IN→MN,

DN→MN}, respectively. The connectivity matrix, X = [Xi,j] contains connectivity

state of each class of links. Accordingly, Xi,j takes value of 1 if the synaptic connection

exists and takes 0 otherwise for each i ∈M and j ∈ K.

In order to derive the outputs accessed by the receiving nodes, we first need to

define inputs to the channel given in Fig. 2.3 and then describe the channel model.

Inputs and outputs of the channel are utilized in finding the bound on the total rate

of information flow across the network. For point-to-point links in the network, we



10
Chapter 2: Information Theoretical Analysis of Multi-terminal Neuro-spike

Networks in Spinal Cord

Tx 1 

Tx 2 

Tx M

P(YK |SM)

Rx 1

Rx 2

Rx K

.

.

.

.

.

.

S1

S2

SM

Y1

Y2

YK

Figure 2.3: Considered one-hop multi-terminal network consisting of transmitting
(left) and receiving nodes (right)

use existing neuro-spike channel blocks in the literature [6–12,18] that are applicable

to the spinal cord synapses.

Neuro-spike communication channels comprise of cascade stages, namely, axonal

transmission, vesicle release, post-synaptic filtering and spike generation at the post-

synaptic neuron. Pre-synaptic terminal refers to the part of pre-synaptic neuron where

vesicles are released. Vesicles contain chemical substances called neurotransmitters,

which diffuse through a specialized gap called synaptic cleft. Reaching post-synaptic

terminal, neurotransmitters bind to the receptors located there, which generate po-

tential at the post-synaptic membrane. When the membrane potential reaches the

threshold value, the output spike is generated at the post-synaptic neuron. In the

following parts, we describe the neuro-spike channel model under consideration which

is illustrated in Fig. 2.4 and derive the outputs at receiving nodes.

2.2.1 Pre-synaptic Inputs

Transmitting node or pre-synaptic neuron i generates Poisson spike train, Si(t), with

rate λi, where i ∈ M. For each neuron, λi is constrained such that 0 ≤ λi ≤ λmax,i,

where λmax,i is maximum firing rate of the pre-synaptic neuron i. The limitation on the
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Figure 2.4: Detailed diagram of the channel

firing rate arises from refractory period, which is the minimum time period between

any successive spikes [19]. Thus, time window can be divided into small windows

with the length of ∆t such that at most one spike can occur in ∆t [10]. Therefore,

probability of a spike in the nth time window is P{Si[n] = 1} = 1− exp(λi∆t). Spike

train then propagates to pre-synaptic terminal, where vesicle release takes place,

through the axon. Axonal transmission is considered reliable [20].

2.2.2 Vesicle Release

Probability of vesicle release from a release site is governed by available vesicles for

release in the pool-based model [21]. Since dynamic synapses are not in the scope of

this chapter, we assume that size of readily releasable pool at a release site is constant.

We adopt the term functional contact to refer any vesicle release sites associated with

a pre-synaptic neuron as used in the [22]. From each functional contact of a typical

IN, SN and DN, at most one vesicle is released when a spike arrives to a pre-synaptic

terminal [23, 24]. Moreover, typical IN, SN and DN can make multiple functional
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contacts with post-synaptic MN [23,25].

Considering the transmission from transmitting node i to receiving node j, the

probability of a vesicle release at a single functional contact upon the arrival of a

spike during nth time window is Prel,i , P{Vi,j[n] = 1|Si[n] = 1}. In case of multiple

independent functional contacts, probability of k vesicle releases from Ti functional

contacts follows Poisson binomial distribution [11, 12] as described by the following

equation.

P{Vi,j[n] = k|Si[n] = 1} =
1

Ti + 1

Ti∑
l=0

F−lk
Ti∏
m=1

(1 + (F l − 1)Pi,m), (2.1)

where F = exp(2
√
−1π

Ti+1
) and Pi,m is the probability of release from mth functional

contact of ith pre-synaptic neuron.

2.2.3 Post-synaptic Filtering

Neurotransmitter binding to post-synaptic receptors increases or decreases the mem-

brane potential depending on the type of synapses. Thus, excitatory post-synaptic

potential (EPSP) and inhibitory post-synaptic potential (IPSP) are generated at the

post-synaptic neuron in excitatory and inhibitory synapses, respectively. Inhibitory

and excitatory types of pre-synaptic neurons are shown in Table 2.1. Moreover, in

{DN→MN} links, excitatory synapses occur.

Post-synaptic potential filtering at receiving node or post-synaptic neuron j due

to access from transmitting node i is described by alpha function [7] as follows.

ei,j(t) = wi,jhp
t

tp
exp(1− t

tp
), t ≥ 0 (2.2)

where hp and tp are peak quantal amplitude and time to rise peak, respectively. wi,j

is the weighting variable representing synaptic strength between transmitting node

i and receiving node j. Values of quantal amplitude and rising time depend on the

type of synapse. Thus, for the excitatory synapses, we define hp = hex and tp = tex,

whereas for the inhibitory synapses hp = hinh and tp = tinh.
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Synaptic strengths are characterized by morphology of synapses such as distri-

bution of number of synapses and pre-synaptic terminal sizes [26]. Combined effect

manifests itself as lognormality, which is reported for spinal cord motor circuits [27].

Thus, w, follows lognormal distribution with probability density function

f(w|µ, σ) =
1

wσ
√

2π
exp

(
−(logw − µ)2

2σ2

)
;w > 0 (2.3)

where µ = log( m2
√
v+m2 ) is log mean and σ =

√
log( v

m2+1
) is log variance, given m

and v are mean and variance, respectively. wSM, wIM and wDM are the lognormal

random variables with corresponding mean and variance pairs (mSM, vSM), (mIM, vIM)

and (mDM, vDM) defined for each link in the set of synaptic links {SN→MN, IN→MN,

DN→MN}, respectively.

2.2.4 Spike Generation

Membrane potential, Ej(t), at receiving node j is spatiotemporal summation of con-

tributions from each synaptic access in terms of EPSP and IPSP. Membrane potential

is given by

Ej(t) = θ0 +
∑
l∈{SN}

∑
tn≤t

wSM,l,jXl,jVl,j[n]hp,ex(t− tn)

+
∑
i∈{IN}

∑
tn≤t

wIN,i,jXi,jVi,j[n]hp,inh(t− tn)

+
∑

m∈{DN}

∑
tn≤t

wDN,m,jXm,jVm,j[n]hp,ex(t− tn) + zj(t),

(2.4)

where tn is the beginning of nth time window. {SN}, {IN} and {DN} are the sets

of SNs, INs and DNs in M, respectively. hp,ex(t) = hex exp(1 − t
tex

) and hp,inh(t) =

hinh exp(1− t
tinh

) are EPSP and IPSP filters, respectively. θ0 is the resting membrane

potential and zj(t) is white Gaussian synaptic noise with variance σ2
z . When Ej(t)

reaches the spiking threshold, θj, the post-synaptic neuron fires a spike, i.e., Yj[n] = 1.
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2.3 Bound on the Achievable Rates

In this part, we derive the bound on total achievable rates across the network using

the cut-set bound.

We are given a cut (M,K). That is, nodes are already partitioned into two disjoint

sets, namely, the set of transmitting nodesM consisting of SN, IN and DN nodes and

the set of receiving nodes K consisting of MN nodes. By the defined cut, the channel

reduces to multiple input multiple output (MIMO) channel so that total information

flow from M to K is bounded by the rate MIMO channel can support [28]. Thus,

cut-set bound on the information flow from M transmitting nodes to K receiving

nodes is given by the following [29].∑
i∈M,j∈K

Rij ≤ I(SM[n];Y K[n]), (2.5)

where SM[n] = {S1[n], S2[n], ..., SM [n]} is the set of input spike trains to the channel

and Y K[n] = {Y1[n], Y2[n], ..., YK [n]} is the set of output spike trains at the nth time

interval. {Rij} are achievable rates from transmitting node i to receiving node j and

the bound is maximized over joint input distribution p(SM[n]). On the other hand,

we know that the input spike trains, Si[n], are independent and Poisson distributed

with λi. Thus, the right hand side in (2.5) is maximized over λi’s.

Considering the channel model and the number of neurons, simulation of network

scenario is highly complex. Thus, we perform numerical analysis of the network in

the next section based on the following assumptions:

� Same class of neurons have identical biophysical properties, i.e., identical spiking

rate, probability of release and number of functional contacts.

� All functional contacts of a pre-synaptic neuron are identical, i.e., Pi,m =

Prel,i,∀m ∈ [1, Ti]. Thus, vesicle release process reduces to Binomial release

B(Ti, Prel,i).
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Therefore, number of output spikes at the receiving nodes depends only on the number

of transmitted spikes by transmitting nodes. By the definition, mutual information is

I(SM[n];Y K[n]) = H(Y K[n])−H(Y K[n]|SM[n]), (2.6)

As a result of aforementioned assumptions, the conditional entropy in (2.6) is derived

as

H(Y K[n]|SM[n]) = H(
K∑
i=1

Yi[n] = sm|
M∑
l=1

Sl[n] = ss) (2.7)

where sm is number of output spikes at receiving nodes and ss corresponds to number

of input spikes transmitted by transmitting nodes.

2.4 Numerical Analysis

In this section, we evaluate performance of the network numerically with respect to

maximum total achievable rate and mutual information. Based on the numerical re-

sults obtained, we discuss the spinal cord dysfunctions and the information theoretical

metrics.

Probability of release is generally low (less than 0.3) at central synapses [24], thus,

we use pD = 0.3 for probability of release from DN. Moreover, we adopt pDM =

0.9 based on the evidences that MNs have common projections from the brain [30].

Remaining parameters are given in Table 2.2.

Throughout the simulations, unless otherwise stated, we assume that spiking ac-

tivity occurs during a motor action, for which SNs and INs are spiking at mean rates

of λSN = 80 Hz [31] and λIN = 20 Hz [32], respectively. Number of different class

of neurons that are given in Table 3.4 are used in the simulations unless otherwise

stated. Number of SNs, INs, DNs and MNs recruited in the network are denoted by

NSN, NIN, NDN, NMN, respectively.
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Table 2.2: Model and simulation parameters

Parameter Symbol Value

Spiking Threshold (MN) θ −46.02 mV [33]
Resting Potential (MN) θ0 −64.81 mV [33]
Noise standard deviation σz 0.1 mV [7]
Discretization time step ∆t 4 ms [10]
Spike width ∆ts 4 ms [10]
Functional contact (SN,IN) TS, TI 8, 7 [34,35]
Probability of release (IN) pI 0.5 [36]
Probability of release (SN) pS 0.5
Peak quantal EPSP hex 0.1 mV [37]
Peak quantal IPSP hinh −0.08 mV [36]
Time to peak of EPSP tex 0.2 ms [34]
Time to peak of IPSP tinh 0.2 ms [38]
Connectivity: IN to MN pIM 0.2 [30]
Connectivity: SN to MN pSM 0.8 [39]
Mean of w (SN, IN, DN) mSN,mIN,mDN 1 [30]
Variance of w (SN, IN, DN) vSN, vIN, vDN 1 [30]

In the following part, we first analyze effects of number of lower motor neurons,

MNs, on the maximum total achievable rate when the mutual information is simulated

for different spiking rates of DNs, λDN. Secondly, we evaluate effects of number of

DNs, upper motor neurons, and number of functional contacts per DN, TD, on the

maximum total achievable rate.

2.4.1 Maximum Total Rate versus Number of MNs

Fig. 2.5a shows mutual information versus λDN for different number of MNs. Around

λDN = 120 Hz, mutual information is at the maximum. This value is comparable to

the reported maximum spiking rate of DNs, that is λDN,max ∼ 106 Hz (corticospinal

pyramidal cells) [40]. Moreover, maximum total rate increases with the number of

MNs, NMN, as shown in Fig. 2.5b. With NMN = 350, which is the quantity referring

to the TA nucleus as given in Table 3.4, bound on the total rate is ∼ 1.3 bits per

network use.
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(a) NDN = 100, TD = 8

(b) NDN = 100, TD = 8

Figure 2.5: (a) Mutual information and (b) maximum total achievable rates for dif-
ferent number of MNs.

General design considerations with regard to synaptic nanonetworks include that mul-

titerminal network capacity can be increased with number of receiving nodes deployed

in the network, considering the result depicted in Fig. 2.5b.

2.4.2 Maximum Total Rate versus Number of DNs

In this part, we analyze the effect of number of upper motor neurons, DNs, on max-

imum total achievable rate across the network so that we can quantify changes on

total achievable rates with the upper motor neuron loss. We lack of data regarding
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(a) NMN = 10

(b) NMN = 10

Figure 2.6: (a) Maximum achievable total rate for different number of functional
contacts per DN and (b) optimal spiking rates

average number of functional contacts, TD, in {DN→ MN} links and number of DNs

projecting to TA nucleus. Thus, maximum total rate is simulated for different TD

and NDN values. Maximum total rates are obtained with respect to different spiking

rates of DN, λDN’s, with the maximum of 500 Hz.

Fig. 2.6a shows the maximum total rate of flow of information across the network

in the allowable spiking range. As depicted in Fig. 2.6a, maximum total information

rate across the network increases with the number of upper motor neurons, NDN, up

to a point and then show saturation trend. Moreover, as the number of functional
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contacts per DN, TD, increases, maximum total rate that can be attained increases in

low NDN range (∼ 0 to 40 DNs). This is expected because maximum of the mutual

information is not reached in the low NDN range (∼ 0 to 40 DNs) in case of low TD’s

(1 to 2 TD’s). The result also reveals that in the low TD range, the network is more

prone to capacity decrease when part of upper motor neurons is lost as a result of

SCI. Moreover, with relatively lower TD’s, higher maximum total rate can be obtained

when high number of DNs such as 200 DNs are recruited in the network. This result

is not observable for the cases TD = 1, 2 because higher number of DNs is needed to

reach maximum of the mutual information.

Optimal λDN values achieving maximum total rate are shown in Fig. 2.6b. When

maximum firing rate constraint, i.e., λDN ≤ λDN,max, is applied, maximum total rates

are not achievable in low TD range in any case due to the physical limitations on the

firing rate.

MN Column To muscles

SNs

DNs

SPINAL CORD

Motor Cortex

MNs

INJURY

(a) Upper Motor Neuron Injury

MN Column To muscles

SNs

DNs

SPINAL CORD

Motor Cortex

MNs

INJURY

(b) Lower Motor Neuron Injury

Figure 2.7: Illustration of types of SCI considered

2.4.3 Information Theoretical Metrics and Spinal Cord Dysfunctions

In this part, we deduce the relation between the results obtained via numerical simula-

tions and several reported symptoms of spinal cord dysfunctions which are illustrated

in Fig. 2.4.2. The relation between observed symptoms of the spinal cord injuries and
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information theoretic metrics, such as maximum total rate and mutual information,

can provide an insight regarding communication failures through the spinal cord due

to injuries or diseases. Aforementioned metrics may be used in ICT-based diagnosis

tools and treatment techniques for SCI.

Loss of lower motor neurons, i.e., MNs, can arise from neurodegeneretive diseases

such as amyotrophic lateral sclerosis (ALS) or damage to the cells because of SCI. One

of the most profound symptoms of MN loss is weakness in the associated muscle [19].

As illustrated in Fig. 2.5b, decrease in total maximum rate with decreasing number

of MNs is resulting in the weakness in the muscle affected from the injury.

As shown in Fig. 2.6a, maximum total rate of information flow is not affected

significantly from partly loss of DNs or upper motor neurons up to a critical number

of neuron loss, when DNs have relatively high number of functional contacts. This

result is compatible with intrinsic mechanisms of the nervous system evolved to cope

with communication failures, in a way that nervous system can compensate the loss of

neurons with the exception of cell loss in significant extent by increasing redundancy

in the form of functional contact [41] via plasticity. After critical number of cell loss,

however, motor actions cannot be performed normally [42].



Chapter 3

RATE OF INFORMATION FLOW ACROSS LAYERED

NEURO-SPIKE NETWORKS IN

SPINAL CORD

3.1 Introduction

Research effort on the deployment of nanonetworks inside body and connecting them

to Internet of Bio-Nano Things (IoBNT) environment [4, 5] opens the way for wide

range of possible applications including ICT-based treatment and diagnosis for SCI.

On the other hand, understanding of spinal cord networks in healthy and diseased

conditions from ICT-perspective needs to be established to realize these treatment

methods.

Neuro-spike communication is one of the bio-compatible communication tech-

niques proposed to be employed among replacement nano-entities to recover the

disrupted spinal cord network after SCI. Most studies regarding neuro-spike com-

munication have been focused on realistic modeling and analysis of physical channels

at various complexity levels [6–12,18]. In these studies, neurons are generally assumed

to be cortical neurons. On the other, communication among distinct populations of

neurons in the spinal cord network is not considered.

In this chapter, we consider the spinal cord network which is responsible from

the down-link transmission of motor signals from the brain to spinal cord. Since

our aim is to investigate the rate of motor information flow to the spinal cord, we

treat concurrent sensory transmission to the spinal cord as interference. The spinal

cord motor network is abstracted as cascade of two independent neuro-spike channels.
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Therefore, achievable sum rates across the network is bounded by the minimum cut

capacity. Deriving exact cut capacity can be cumbersome so that we derive upper

bound for it. Simulation results show that upper bound can be tight depending on

the number of neurons recruited in the network.

The rest of this chapter is organized as follows. In Section 3.2, biophysical de-

scription of spinal cord motor pathway is given. In Section 3.3, we model spinal cord

motor pathway as two-hop neuro-spike communication network and formulate its in-

formation capacity. In Section 3.4, we describe single-hop neuro-spike channel model

and in Section 3.5, we derive cut set bound for this channel. In Section 3.6, perfor-

mance of the network is evaluated by simulations. Next, in Section 3.7, we deduce

a relationship between spinal cord injuries and information theoretical metrics based

on our analysis.

Motor Cortex

Motoneuron

Pool

Spinal Cord Interneurons

Muscle Muscle

Sensory

 Neurons

Cortical 

Neurons

SC

Inhibitory Excitatory

Sensory 

Neurons

Figure 3.1: Down-link transmission of brain motor commands to the spinal cord (SC)
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3.2 Physical Description of Spinal Cord Network

Overall nervous network consists of peripheral nervous network (PNN) and central

nervous network (CNN) [43]. A main part of PNN, which is called somatic nervous

network (SNN), controls voluntary body movements by conveying sensory inputs to

CNN from the body via sensory nerves and transmitting motor outputs to skeletal

muscles via motor nerves. CNN, on the other hand, comprises of two main centers

which are the brain and spinal cord. The brain generates motor response that is to be

transmitted to the spinal cord. Spinal cord integrates motor and sensory information

coming from the brain and PNN, respectively and generates motor output, which

is transmitted to the muscles. In this chapter, we particularly consider spinal cord

network associated with SNN, whose failure cam result in loss of movement.

Spinal cord communication pathways comprise of sensory and motor pathways.

Sensory pathways formed by sensory nerves perform uplink transmission of sensory

information from skeletal muscles to the brain. Sensory transmission route passes

through spinal cord and reaches several destinations in the brain. Motor route in-

volves in downlink transmission of motor commands from the brain to muscles. Motor

information generated by neuronal sources in the brain is transmitted to spinal cord

by bundle of nerve fibers called descending tracts. In the spinal cord, received inputs

are processed and relayed to muscles. Spinal cord has 31 spinal segments, each of

which contains two pairs of nerve roots where nerves enter to or leave from the spinal

cord. From dorsal root, sensory neurons (SN) conveying information from muscles

enter to spinal cord where they make synapse with spinal cord neurons. The spinal

cord neurons either transmit sensory information to brain following ascending sen-

sory route or relay it to spinal cord motoneurons (MN). Axons of MNs residing in

the spinal cord leave the spinal cord from the ventral root and innervate muscles.

MNs which are located at a spinal cord segment form clusters which are called motor

nucleus. Each motor nucleus is associated with a particular muscle and constitutes

the final destination for motor information.
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For instance, a motor nucleus innervates a particular muscle as shown in Fig. 2.1.

Therefore, union of motor nuclei in a spinal segment is an important parameter with

regard to down-link information capacity of the spinal cord network. In this chapter,

we particularly focus on down-link information transmission from brain to the spinal

cord through descending pathways. In the following part, we describe transmission

through descending spinal route in detail.

3.2.1 Down-link Transmission Through Descending Spinal Cord Pathways

Down-link transmission of brain motor commands to muscles follows the route that is

illustrated in Fig. 3.1. To demonstrate, let us consider the delivery of brain’s motor

commands to motor nucleus A. Cortical neurons (CN) located in motor cortex encode

motor commands into spikes which are transmitted to the spinal cord via long axons

of CNs. In the spinal cord, axons of CNs deliver motor signals to destination MNs

residing in motor nucleus A via relay spinal interneurons (IN). In primates, CNs also

directly project to MNs [44]. However, since most of physiological data is collected

from non-primates such as rodent, we consider the spinal system in the context of no

direct connection between CN and MN. Finally, MNs in motor nucleus A innervate

muscle A. Besides, MNs receive direct sensory inputs from SNs as well as indirect

sensory inputs from antagonist muscle, let us say muscle B, via relay INs [1]. Hence,

MNs are the final destination of multiple dependent and independent signals from

descending spinal cord route (and also partly from sensory pathways) considering the

fact that they receive inputs from SNs, INs and CNs, simultaneously.

3.3 Spinal Cord Pathways as Layered Neuro-Spike Communication Net-

works

In this section, we describe multi-terminal neuro-spike network model of spinal cord

motor pathway and formulate the expression for the capacity of motor information

transmission from the brain to the spinal cord.
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Figure 3.2: Spinal cord layered network

3.3.1 Capacity of Spinal Cord Motor Network

Motor commands of the brain are relayed to MNs via spinal INs as aforementioned

in Section 3.2. Considering a single motor nucleus, the system can be modeled as

layered network with two-hops where relay nodes retransmit decoded information to

the destination nodes. Thus, transmit nodes only transmit and receive nodes only

receive, whereas relay nodes have both receive and transmit capabilities.

The information transmission is in the forward direction as illustrated in Fig. 3.2.

In the first layer, source CN nodes located in the brain and source SN nodes from

antagonist muscle transmit their inputs X1, ..., XM , Q1, ..., QL to the destination IN

nodes. Inputs from source nodes are assumed to be mutually independent. Relay IN

nodes, which are working cooperatively, retransmit the channel outputs T1, T2, ..., TL

to destination MN nodes in the second layer.

The network is cascade of two independent X-channels, since the output at a node

in particular layer only depends on the inputs transmitted by nodes in the adjacent

layer in the backward direction. The cascaded channels are defined by the following

channel transition probabilities:

p(T1, ..., TL|X1, ..., XM , Q1, ..., QN), p(Y1, ..., YK |T1, ..., TL, D1, ..., DJ).
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The capacity is limited by the minimum hop capacity [45].

IN and MN nodes receive direct inputs from different SN nodes which are denoted

by (Q1, ..., QN) and (D1, ..., DJ), respectively. However, SN nodes are not associated

with any CN node as illustrated in Fig. 3.2. That is, they are not involved in the

transmission of cortical information to the spinal cord. Hence, interference due to

access of SN nodes to the channels is treated as noise. Accordingly, bound on the

sum rate capacity is then given by the following.

C = min

{
max

p(XM |QN )p(QN )
I(XM;TL|QN ), max

p(TL|DJ )p(DJ )
I(TL;Y K|DJ )

}
= min

{
max

p(XM |QN )p(QN )
I1, max

p(TL|DJ )p(DJ )
I2

}
(a)
= min

{
max

p(XM )p(QN )
H(TL|QN )−H(TL|QN , XM),

max
p(TL)p(DJ )

H(Y K|DJ )−H(Y K|DJ , TL)

}
= min{C1, C2},

(3.1)

where (a) follows from that all sources are mutually independent.

3.4 Single-Hop Neuro-spike Network

In this section, we first describe the channel model of general neuro-spike X-channel

in the spinal cord. Then, we formulate the cut set bound for the channel. Based on

this, we can find single hop capacities, C1 and C2, which are given by (3.1).

3.4.1 Neuro-spike X-channel in Spinal Cord

In a multi-terminal neuro-spike communication network, M transmitting nodes want

to send information to K receiving nodes. In our case, transmitting nodes have

only transmit and receiving nodes only receiving capabilities. Regarding spinal cord

network, M sources generally comprise of heterogeneous population of pre-synaptic

neurons and K destination nodes can be either population of post-synaptic INs or

MNs.
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As illustrated in Fig. 2.3, ith source node transmits input spike train Xi, i ∈

M = {1, 2, ..,M} to the channel. The output at jth destination node is Yj, j ∈

K = {1, 2, .., K}. Thus, the channel is defined by channel transition probability

P (Y K|XM) = P (Y1, Y2, ..., YK |X1, X2, ..., XM). Moreover, ith source node sends in-

formation to the jth destination node at the rate of Rij.

Connectivity between source and destination nodes, Z = [Zi,j], is governed by

connection probabilities between each type of pre-synaptic and post-synaptic neurons.

Accordingly, Zi,j = 1 with probability pc,i,j and Zi,j = 0 otherwise for each i ∈

M and j ∈ K. In general, every source neuron does not have connection with

every destination neuron. Therefore, we assume that a link with zero capacity exists

between unconnected nodes so that the channel becomes an X-channel.

3.4.2 Channel Model

The channel model is based on general neuro-spike communication channel as given

in [18]. Since diffusion and binding processes are mostly reliable [8], they are ignored.

Rather, synaptic strength is modeled as a random variable. Moreover, functional

contact refers to any vesicle release site associated with a pre-synaptic neuron as used

in [22]. From each functional contact of a typical IN, SN and DN, at most one vesicle is

released when a spike arrives to a pre-synaptic terminal [23, 24]. In addition, typical

IN, SN and DN have multiple functional contacts associated with a post-synaptic

neuron [23,25]. Thus, pre-synaptic neurons are presumed to have multiple functional

contacts in the spinal cord. Channel model under consideration is described briefly

as follows.

� Xi is input to the channel which is transmitted by ith pre-synaptic neuron and

defined as Poisson arrival of a spike with λi in a time window ∆t.

� Probability of vesicle release from Ti functional contacts when a spike exists

at the pre-synaptic terminal follows Poisson binomial distribution [11, 12] as
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described by the following equation.

P{Vi,j[n] = k|Xi[n] = 1} =
1

Ti + 1

Ti∑
l=0

F−lk
Ti∏
m=1

(1 + (F l − 1)Pi,m), (3.2)

where F = exp(2
√
−1π

Ti+1
) and Pi,m, m ∈ [1, Ti], is probability of release from mth

functional contact at pre-synaptic neuron i. When functional contacts of the

neuron are assumed to be identical, i.e., Pi,m = Prel,i, ∀m ∈ [1, Ti], vesicle release

process is described by binomial distribution B(Ti, Prel,i).

� Postsynaptic potential generation is modeled as alpha function [7] as given by

hi,j(t) = γi,jhp
t

tp
exp(1− t

tp
), t ≥ 0 (3.3)

where hp is peak quantal EPSP and IPSP amplitude and tp time to rise peak.

γi,j is defined as follows.

γi,j =

1 if i→ j is EXC,

−1 if i→ j is INH,

where EXC and INH denote excitatory and inhibitory synapses, respectively.

� Synaptic strengths are affected by synapse morphology such as distribution of

synapses and pre-synaptic terminal sizes [26]. Joint effect exhibits lognormal

response in spinal cord motor circuits as reported in [27]. Therefore, synaptic

strength due to a release of a single vesicle, W , follows lognormal distribution

with probability density function (pdf) given by

fW (w) =
1

wσ
√

2π
exp

(
−(lnw − µ)2

2σ2

)
;w > 0 (3.4)

where µ = ln( m2
√
v+m2 ) is log mean and σ =

√
ln( v

m2+1
) is log variance, given m

and v are mean and variance, respectively.
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Considering a single neuro-spike link (i→ j), conditioned on Vi,j[n] = vi,j, post-

synaptic response is weighted by sum of lognormal variables, i.e., Bi,j =

vi,j∑
l=1

Wl,

where Wl ∼ lnN (µl, σl). Using Fenton-Wilkinson approximation [46], Bi,j[n]

is approximated as lognormal, i.e., Bi,j ≈ eν , where ν ∼ N (µν , σ
2
ν). Mean and

variance are given as follows.

µν = ln

( vi,j∑
l=1

exp(µl +
σ2
l

2
)

)
− σ2

ν

2

σ2
ν = ln


vi,j∑
l=1

exp(2µl + σ2
l )(exp(σ2

l )− 1)

(

vi,j∑
l=1

exp(µl +
σ2
l

2
))2


(3.5)

� Total post-synaptic potential at the jth receiving node is then described by the

following equation [18].

Gj(t) = θ0j +
M∑
i=1

∑
tn≤t

Bi,jγi,jhi,j(t− tn) + sj(t), (3.6)

where θ0j is the resting membrane potential and sj(t) is white Gaussian synaptic

noise with variance σ2
s . Spike is generated if Gj(t) > θj, where θj is spiking

threshold at the jth receiving node.

3.5 Cut Set Bound for Single Hop Neuro-spike Network

According to the cut-set bound for general multiterminal networks [29], cut separates

the source nodes from the destination nodes such that nodes are divided into two

disjoint sets Ω and Ωc. Thus, the capacity region of the neuro-spike X-network is
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X1

X2

XM YK

Y2
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Figure 3.3: Cuts in the channel considered [3]

contained in the set of rates that satisfies the following.

∑
i∈Ω,j∈Ωc

Rij ≤ max
p(X1,...,XM )

I(XΩ;Y Ωc |XΩc

), (3.7)

for all Ω ⊂ {1, ...,M}. {Rij} is the set of achievable rates. p(X1, ..., XM) is given

as joint Poisson distribution with mutually independent Xi ∼ Poisson(λi), where

i ∈ [1,M ]. Thus, right hand side in (3.7) is maximized over λi’s [18].

In general X-networks, two types of cut exists: Cuts separating single node from

the other nodes and cuts separating multiple sources from the receiving nodes [3].

Regarding the latter, cut capacity CΩ = max
p(X1,...,XM )

I(XΩ;Y Ωc |XΩc
) is the capacity of

multiple-input multiple-output (MIMO) channel. Using cut capacity, we can find the

bound on the rate of information flow from a particular population of pre-synaptic

neurons to the population of post-synaptic neurons. Deriving exact cut capacity, CΩ,

could be cumbersome; however, we can decompose it in a way that it would be the

sum of bounds on multiple-input single-output (MISO) channels. Thus, we can derive

a loosened bound as follows.
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I(XΩ;Y Ωc |XΩc

)

= H(Y Ωc |XΩc

)−H(Y Ωc |XΩc

, XΩ)

= H(Y Ωc |XΩc

)−H(Y Ωc |XM)

= H(Y Ωc |XΩc

)−
∑
i∈Ωc

H(Yi|XM, Yi−1, ..., Y1)

(a)
= H(Y Ωc |XΩc

)−
∑
i∈Ωc

H(Yi|XM)

(b)

≤
∑
i∈Ωc

H(Yi|XΩc

)−H(Yi|XM)

=
∑
i∈Ωc

I(XΩ;Yi|XΩc

)

(3.8)

where (a) follows from that given all inputs, the outputs are independent because

each neuro-spike communication link is independent from the others and (b) follows

from the independence bound on the entropy. Thus, bound on cut capacity is given

by

CΩ ≤ Cup
Ω = max

p(X1,...,XM )

∑
i∈Ωc

I(XΩ;Yi|XΩc

). (3.9)

Similarly, the sum rate satisfies the following.

M∑
i=1

K∑
j=1

Ri,j ≤ max
p(X1,...,XM )

I(XM;Y K). (3.10)

Mutual information in the right hand side of (3.10) is given by

I(XM;Y K) = H(Y K)−H(Y K|XM). (3.11)
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Accordingly, conditional entropy is given as follows.

H(Y K |XM) =
∑
x

H(Y1, ..., YK |XM = x)P (XM = x)

(a)
=
∑
x

K∑
j=1

H(Yj|XM = x)P (XM = x).

(3.12)

where (a) follows from the fact that given all inputs the outputs are independent since

all neuro-spike links in the network are independent.

Based on [18], the conditional entropy is given as follows.

P{Yj[n] = 1|XM = x} = P{Gj(t) > θj|XM = x}

=
∑
vj

M∏
i=1

P{Vi,j[n] = vi,j|Xi[n] = xi}

P (sj(tn + tp) > θj − θ0j −
M∑
i=1

vi,j∑
l=1

Wi,j,lγi,jhp|V M
j = vj),

(3.13)

where V M
j = {V1,j, ..., VM,j} and corresponding realizations vj = {v1,j, ..., vM,j}, vi,j ∈

[0, Ti].

For full excitatory connections, i.e, γi,j = 1 ∀i ∈ M, j ∈ K, such as the first

layer in the motor path, the expression can be further reduced as follows. Let us

define Li,j = hpWi,j,l. Hence, Li,j ∼ lnN (µi,j,l + ln(hp), σ
2
i,j,l). Sum of indepedent

lognormal random variables
M∑
i=1

vi,j∑
l=1

Li,j can be approximated as a new lognormal

random variable Aj ∼ eνj , where νj ∼ N (µνj , σνj) so that pdf of Aj, fA(a), can be

expressed as given in (3.4) [47].
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Based on Fenton-Wilkinson approximation [46], µνj and σνj are given as follows.

µνj = ln

( M∑
i=1

vi,j∑
l=1

exp(µi,j,l + ln(hp) +
σ2
i,j,l

2
)

)
−
σ2
νj

2
,

σ2
νj

= ln

∑M
i=1

∑vi,j
l=1 exp(2(µi,j,l + ln(hp) + σ2

i,j,l)(exp(σ2
i,j,l)− 1)(∑M

i=1

∑vi,j
l=1 exp(µi,j,l + ln(hp) +

σ2
l

2
)
)2

 .

(3.14)

Let χj be the sum of independent sj(tn + tp) and Aj. Then, (3.13) is restated as

P{Yj[n] = 1|XM = x} =
∑
vj

M∏
i=1

P{Vi,j[n] = vi,j|Xi[n] = xi}P (χj > θj − θ0j|V M
j = vj)

(3.15)

Since sj(tn + tp) and Aj are independent, pdf of χj can be found as

fχ(z) =

∫ ∞
−∞

fS(t)fA(z − t)dt. (3.16)

Closed form expression for fχ(z) is not present; however, it can be computed numeri-

cally. Moreover, P (χj ≤ θj−θ0j|V M
j = vj) can be found by conditional pdf of χj, i.e.,

fχ = fS ~ fA|V , where fA|V (a|v) =
∂

∂A
P (A ≤ a|V M

j = v) and ~ denotes convolution.

Thus, P{Yj[n] = 1} can be computed from the following expression.

P (χj > θj − θ0j) = 1−
∑
vj

P (χj ≤ θj − θ0j|V M
j = vj)P{V M

j = vj}. (3.17)

Simulating exact sum capacities could be prohibitive because of high number of

neurons in the spinal cord. Thus, in the next section exact capacities are simulated

based on the assumption that same type of neurons have identical properties such as

probability of vesicle release, number of functional contacts. Moreover, all functional

contacts of a neuron is assumed to be identical. Therefore, conditional entropy reduces
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to the following.

H(Y K|XM) = H(
K∑
i=1

Yi[n] = st|
M∑
j=1

Xj[n] = sq), (3.18)

where st and sq are total number of spikes at the receiving nodes and transmitting

set of nodes, respectively.

3.6 Performance Evaluations

In this section, we analyze the effects of number of transmitting or receiving nodes

and sensory interference on the capacity or the rate of information flow across the

spinal network abstracted by the model presented in Section 3.3.

For the simulations, we are based on characteristic classes of neurons in a motor

nucleus [1] corresponding to each type of nodes in the network model illustrated in

Fig. 3.2. Accordingly, IN nodes comprise excitatory interneurons denoted by ExIN

and inhibitory Ia interneurons (IaIN). Ia neurons associated with antagonist mus-

cle correspond to SN1 nodes in the network, whereas Ia neurons exciting MNs are

represented by SN2 nodes in the network. CN population considered to be descend-

ing tracts neurons conveying motor commands to the spinal cord through INs. We

assume that connectivity matrix Z is given since connections between neurons in

the spinal cord are already established naturally. Thus, synaptic connections are as-

signed beforehand based on Z which is formed by random permutations according to

the connectivity probabilities given in Table 3.2. Two types of INs (IaIN and ExIN)

are assumed to have same biophysical properties. Similarly, all neuron properties are

assumed to be identical across a particular type of neuron population such as SN, MN

or CN population. Regarding spinal cord circuitry, we neglect Renshaw cells, which

carry feedback from MN itself to MN, since feedback does not increase capacity of a

neuro-spike channel that we consider because PSP generation in a time interval does

not effect the spike generation in the subsequent interval in our setting. Moreover,

we assume that IPSP and EPSP amplitudes at a post-synaptic neuron is independent
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Table 3.1: Model and simulation parameters

Parameter Symbol Value

Spiking Threshold (MN) θMN −46.02 mV [33]
Resting Potential (MN) θ0 −64.81 mV [33]
Spiking Threshold (IN) θIN −32.2 mV [48]
Resting Potential (IN) θ0 −46.4 mV [48]
Noise standard deviation σz 0.1 mV [7]
Discretization time step ∆t 4 ms [10]
Spike width ∆ts 4 ms [10]
Peak quantal PSP hp 0.1 mV
Time to peak of PSP tp 0.2 ms
Mean of W ∀i, j m 1 [30]
Variance of W ∀i, j v 1 [30]

from the type of pre-synaptic neuron. Thus, values of PSP amplitude and time to rise

peak are fixed. Considering channel parameters, number of functional contacts T is

fixed to a value that is in the corresponding range for a particular synaptic connection

given in Table 3.3. Unless otherwise stated, T = 8 for IN → MN, T = 4 for CN →

IN, values of probability of release are as given in Table 3.3 and number of neurons

are as given in Table 3.4. Remaining parameters are given in Table 3.1.

Table 3.2: Connectivity

Class of Neuron pc
Ia → MN 0.8 [39]
Ia(Antagonist) → IaIN 0.7 [39]
IaIN → MN 0.15 [39]
ExIN → MN 0.3
CN → ExIN 0.65 [49]
CN → IaIN ∼ 0.20 [49]

3.6.1 Capacity of Brain-Spinal Cord Neuro-spike Channel

We lack of data regarding number of CNs projecting to INs, NCN . Thus, upper bound

and exact cut capacities are simulated for increasing number of CNs for the first layer

which is given in Fig. 3.2.
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Table 3.3: Number of Functional Contacts

Class of Neuron Functional Contacts Prel
IaIN → MN ∼ 4− 11 [49] 0.5
CN → IN ∼ 2− 6 [49] 0.3
SN2 (Ia) → MN ∼ 8 [37] 0.5
SN1 (Ia-Antagonist) → IN 6 0.5

Fig. 3.4a shows C1 and Cup
1 for increasing NCN and various number of excitatory

and inhibitory INs ratios. According to this, sum rate capacity increases with the

number of CN nodes, NCN with a rate that decreases with NCN . After a point

increasing NCN does not change the capacity significantly. I1 given by (3.1) can be

written as I(XM;TL|QN ) = I(TL|QN , XM) − I(TL|QN ). When high number of

transmitting CN nodes exist, the spike generation at receiving IN nodes is mostly

due to cortical inputs so that the effect of sensory interference is less. Because of

this, I(TL|QN ) term does not change significantly with NCN . Hence, the effect of

I(TL|QN ) on I(XM;TL|QN ) for increasing number of cortical inputs is insignificant.

Thus, I(TL|QN , XM) term is related with the increase in capacity because of higher

dependence of output spikes to the cortical inputs.

As shown in Fig. 3.4a, with higher NExIN/NIaIN, capacity reaches higher values.

This trend can be explained with different connectivity levels between pre-synaptic

CN-SN populations and post-synaptic excitatory/inhibitory IN populations. That is,

pc(CN → ExIN) > pc(CN → IaIN) and pc(SN1 → IaIN) > pc(SN1 → ExIN) =

0 as given in Table 3.2. For instance, since SN2 nodes densely project to IaIN

nodes, the effect of sensory interference on the capacity is more when NExIN/NIaIN =

1/2 compared to the case NExIN/NIaIN = 2. Moreover, for lower NExIN/NIaIN or

NIaIN/NExIN , capacity upper bound Cup
1 is tight; however, for high NExIN/NIaIN

or NIaIN/NExIN values, the bound is loose, which is again related with the effect of

sensory information transmission on the rate of motor information flow as a result of

distinct connectivity levels between several types of transmitting and receiving nodes.
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(a) NSN1 = 50, λSN = 50 Hz, NIaIN , NEXIN ∈ {5, 10, 20}

(b) NCN = 400, NSN1
= 50, , NIaIN = 5, NEXIN = 10

Figure 3.4: Sum capacity of first layer (C1) for different values of (a) number of source
CN nodes, NCN and (b) λSN . Capacity is found over λCN ranged from 0 to 500 Hz.

The effect of sensory interference on the capacity of channel is also demonstrated

in Fig. 3.4b. Cut capacity, C1, reaches maximum when sensory interference does

not present, i.e., λSN1 = 0 Hz as expected. On the other hand, as λSN1 increases,

C1 decreases with decreasing rate and then reaches a constant level. Moreover, C1

is higher if more number of CN nodes NCN are recruited. This follows from the
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observation that C1 increases with NCN as shown in 3.4a.

3.6.2 Capacity and Rate of Interneuron-Motoneuron Channel

In this part, we analyze the effect of number of receiving MN nodes NMN on the

channel capacity of second layer C2 and the effect of sensory interference on the

mutual information I2 which is given by (3.1). In this case, capacity is found by

maximizing I2 over firing rates of transmitting IN nodes λIN ’s with the exception of

inhibitory IN nodes (IaINs) whose firing rates are fixed.

NMN is one of the independent parameters affecting the network capacity. Fig.

3.5a shows maximum rate of information flow from IN nodes to MN nodes for various

number MN nodes when sensory interference is introduced. C2 increases with NMN at

a decreasing rate. Thus, recruiting few more MN nodes when relatively small number

of MN nodes exist in the network will improve C2 significantly; however, the converse

will result in slight improvement in C2. This result is especially important for lower

motor neuron diseases treatment, since in such disease conditions receiving MN nodes

can decrease in number.

Level of sensory interference limits the rate of motor information transmission.

Thus, we investigate I2 for several values of spike firing rate of SN nodes, λSN2 . As

shown in Fig. 3.5b, maximum of mutual information I2 is lower when λSN2 is higher.

Accordingly, bound on the sum rate of motor information flow is at the maximum

when λSN2 = 0, i.e., sensory interference does not present. Moreover, firing rate of

SN nodes can reach very high values around 600 Hz [50]. Thus, for high rate of SN

firing, reliable transmission of motor commands to muscles is not possible because

channel capacity C2 tends to zero.

3.6.3 Rate of Motor Information Flow to Biceps Muscle

In this part, we investigate the rate across the cascaded channels which is illustrated

in Fig. 3.2 by using realistic neuron counts in a limb for a particular muscle called

biceps muscle as given in Table 3.4. In this setting, SNs are assumed to be spiking
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(a) NExIN = 400, λIaIN = 80 Hz

(b) NMN = 5, NExIN = 350, λIaIN = 90 Hz

Figure 3.5: When P IN
rel = 0.8 and P SN2

rel = 0.1, (a) Capacity of second layer for
increasing number of MNs (b) Mutual information I2 for various sensory interference
levels

at average rate of 10 Hz [2] and inhibitory IN nodes (IaIN) fires at average rate of 80

Hz. Since we lack of data for NCN and NExIN , enough number of neurons is used so

that at least some part of post-synaptic neurons can generate spike.

As Fig. 3.6 shows, maximums of mutual informations I1 and I2 are comparable

for biceps muscle. Hence, in case of reduction in the individual channel capacities
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Table 3.4: Number of Neurons (Biceps Muscle) [2]

Class of Neuron EXC/INH Quantity
SN1 (Ia-Antagonist) EXC ∼ 500
SN2 (Ia afferent) EXC ∼ 300
IN (IaIN) INH ∼ 300
IN (ExIN) EXC -
MN (Alpha) - ∼ 700
CN EXC -

due to a damage to the particular type of neurons can result in reduction in overall

network capacity because the bottleneck limits the capacity of independent cascaded

channels as given by (3.1).

Figure 3.6: Mutual informations when λIaIN = 80 Hz,λSN1 = 10 Hz,λSN2 = 10 Hz,
NExIN = 700, NCN = 600.

3.7 Information Theoretical Metrics and Spinal Cord Injuries

In this section, based on our previous analysis, we reach to several results for the rela-

tion between spinal cord injuries and information theoretical metrics such as mutual

information and capacity. Deduced relationship between change in mutual informa-



Chapter 3: Rate of Information Flow Across Layered Neuro-spike Networks in
Spinal Cord 41

tion or capacity and injury symptoms can provide deeper understanding for spinal

cord injuries from ICT perspective and may be used in future ICT-based diagnosis

and treatment tools for neural injuries.

Upper Motor Neuron Syndrome

As aforementioned in Section 3.2, motor commands from the motor cortex are con-

veyed to the spinal cord through descending pathways. Upper motor neuron syndrome

(UMNS) refers to the condition in which several symptoms are observed subsequent

to damage to these pathways due to a disease such as multiple sclerosis (MS) or a

lesion caused by brain stroke or spinal cord injury. The symptoms include weakness in

movements and exaggerated reflexes. Based on our analysis, we can deduce following

relations between information theoretical metrics and signs of UMNS.

� In UMNS, due to loss in CN population, capacity of brain to spinal cord chan-

nel is expected to decrease considering Fig. 3.4a. Therefore, we deduce that

decrease in capacity C1 makes the first layer bottleneck so that it results in

weakness in movements because MN and IN nodes remain intact. If all CNs are

damaged, then paralysis (no movement) occurs. Thus, paralysis arises from the

observation that channel capacity tends to zero. On the other hand, if there

is high redundancy, which means high number of CNs project to INs, then de-

crease in the capacity is slight as shown in 3.4a. This can be explained with

the fact that other cortical neurons can compensate loss of neurons by increas-

ing redundancy (such as increasing functional contacts) to some extent so that

recovery can be achieved if the damage is slight [51].

� Since IN and MN nodes remains intact, we expect bound on the sum rate of

second layer, which can be found by (3.10), remains same. However, rate of

motor information flow, which expressed in (3.1), can be limited by second

layer due to increased sensory interference. Loss of CNs makes SNs to fire at

very high levels due to loss of some inhibitory mechanism [51]. This results in
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exaggerated reflexes. As the sensory interference increases, the rate of motor

information flow decreases as shown in Fig. 3.5b. At high SN firing rates λSN2 ’s,

I2 can even tend to zero. Therefore, second layer can also limit the rate of motor

information flow due to high rate of SN firing.

Lower Motor Neuron Syndrome

Lower Motor Neuron Syndrome (LMNS) refers to the symptoms that are result of

damage to MNs, due to a disease such as Amyotrophic lateral sclerosis (ALS) or

injury. Well known signs of LMNS are muscle atrophy and weakness [51]. Due to loss

of MNs in a MN pool, associated muscle wastes away or being atrophied. As depicted

in Fig. 3.5a, capacity of interneuron-motoneuron channel decreases with decreasing

number of MN nodes. This result shows that there is a correlation between decrease

in capacity and occurrence of muscle atrophy. Moreover, we can deduce that weakness

in the muscle due to loss of MNs occurs when channel capacity tends to zero with

the decreasing number of MN nodes. The capacity of the spinal network also tends

to zero with the complete loss of MNs, since the second layer becomes bottleneck.



Chapter 4

NOVEL ICT-BASED TREATMENTS FOR SPINAL CORD

INJURIES

4.1 Introduction

Fine motor movement and sensation in the human body are maintained by wired

communication between the brain and the spinal cord via neural pathways. Spinal

cord injuries (SCI), however, damage these pathways and healthy communication

cannot be reestablished naturally. As a result, chance of recovery almost does not

exists and many people with SCI experience motor and sensory deficits throughout

their lives [52]. In spite of the efforts on the restoration of these pathways from

medical and bio-engineering perspectives, successful treatment still does not exist. On

the other hand, information and communication technology (ICT) based treatments

can address intrinsic limitations of existing approaches by introducing communication

and networking techniques [53].

Huge efforts have been focused on the restoration of disrupted communication be-

tween the brain and the spinal cord from medical and engineering perspectives. Com-

plete functional recovery by medical interventions, however, is not achieved up to date.

Therefore, engineering treatment approaches are proposed from bio-engineering per-

spective. Current bio-engineering approaches focus on employing engineered nanoa-

gents which are capable of making therapeutic intervention in the body or designing

neural interfaces bridging injured spinal cord via engineered bio-compatible materials.

The idea behind these methods is reversing toxic biological response in the spinal tis-

sue and making the injured tissue suitable for spared nerves to regrow. However, these

methods have also achieved limited functional outcome [54–63]. We refer medical and
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bio-engineering methods as biological methods in the following parts.

In this chapter, we focus on ICT-based treatment techniques, which can provide

successful outcome by utilizing highly evolved communication and networking tech-

niques developed to the date. ICT-based techniques for SCI treatment can be listed

as, (i) employing of neural interface systems (NIS) (ii) deploying replacement artificial

neurons (ANs) inside the body. In addition to operate robotic prosthesis, NIS were

used to electrically stimulate the nervous system or muscles in order to restore motor

function [64–67]. However, the recovery is partial [68, 69]. The idea that using engi-

neered neurons as replacement to injured neurons, on the other hand, is a direction

which is recently established. Therefore, ANs operating functionally still do not exist.

In this chapter, we present treatment techniques for SCI in the literature which

include biological, NIS and AN-based approaches. The rest of this chapter is organized

as follows. In Section 4.2, we give an overview for SCI and some key treatment

approaches. In Section 4.3, existing ICT-based treatment techniques for SCI are

described. Section 4.4 describes our proposed methods in detail. Section 4.5 states

future research directions and applications.

4.2 Overview

In this section, we describe phases of injury and their affects on the nervous network,

existing biological treatment techniques for SCI, and discuss the advantages of ICT-

based treatments over biological treatment techniques.

4.2.1 Spinal Cord Injury Mechanisms

Neurons effected by spinal trauma experience the effects of an injury in three consec-

utive phases, namely, primary, secondary and chronic injury described below.

� Primary injury: The primary injury immediately disrupts axonal pathways and

damages cell membranes depending on the physical trauma [70]. Many active

neural connections are severed and neuro-spike communication is effected by

the extracellular toxicity.
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Figure 4.1: SCI and the formation of glial scars.

� Secondary injury: It constitutes the time interval within hours to weeks after

the injury [71]. Due to toxic environment of the spinal cord supportive cells

(oligodendrocytes) die [72]. Deaths of these cells cause demyelination, which is

the loss of myelin insulator that surrounds axons, thereby, effecting the signal

quality of the neuro-spike communications [73]. Distorting or blocking axonal

propagation, demyelination eventually disconnects (partly or wholly) the brain

from the spinal cord [73]. This channel outage manifests itself in sensory and

motor deficits. Moreover, the formation of scar, which is a tissue that barriers

axonal regeneration as shown in Fig.4.1, also occurs.

� Chronic injury: This phase covers the days to years following the injury [71].

In this phase, injured axons experience a special kind of degeneration, called

Wallerian degeneration, that disconnects the distal parts of the axons from their

cell bodies while the glial scar continues to grow [74]. Since the injury area and

the neuro-spike communication occuring within it is stabilized in the chronic

phase, most treatment techniques target this particular phase.

The overall result of SCI mechanisms is disruption of axonal pathways located

within spinal cord, which results in either the loss of sensory information transmission

to the brain or motor control signals to the muscles or both at the same time [70].

Hence, re-establishing communication system across the brain-spinal cord connection

is necessary to maintain sensory and motor function of the nervous nanonetwork. As
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discussed earlier, current treatment approaches fall in two main categories, namely,

the biological and the ICT-based treatment techniques. In the following, we discuss

the major techniques that fall under these categories and the key differences between

the approaches.

4.2.2 Biological Treatment Techniques

Following the initial disruption of SCI, damage continues to spread in the spinal cord

in the secondary and the chronic phases. Biological treatment approaches aims to

protect surviving neurons from the toxic post-injury environment, and to recover

synaptic connections and healthy functionality by promoting regeneration. On the

contrary, ICT-based treatment approaches directly address the neural communication

problem by either bypassing the injury site via external communication interfaces or

by replacing the injured neurons by artificially designed neurons.

In the following, we outline fundamental biological treatment approaches and the

challenges faced regarding their implementation. Moreover, we discuss how these

challenges can be addressed by ICT-based treatment techniques.

Research efforts regarding biological treatments mainly focus on the following

directions.

Neuroprotection

Delivering drugs onto the injury site is a possible method of neuroprotection. Recent

research in this area concentrates on drug delivery mediated by nanomaterials such as

nanowires, nanoparticles and carbon nanofibers, which have several advantages over

conventional drug delivery methods such as providing targeted delivery and reaching

injury site by crossing the blood-spinal cord barrier [75]. The challenges in this

direction include the following.

� Application: Devastating effects of secondary injury mechanisms spread fast

with the cascade of biological complex events. Preventing this spread means in-

tervening many biological processes in the spinal cord with presumably number
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of different neuroprotective agents. Thus, identifying the effective drugs and

their administrations in a limited time period poses challenges. Moreover, there

are lots of issues regarding drug carrier design are to be overcome [75].

� Validation: Several drugs are tested on animals and in vitro environments for

different injury scenarios. Identifying effective drugs and methods among many

alternatives and verifying the efficacy by human trials still pose a challenge.

� Functional outcome: Although several neuroprotective drugs are reported to be

resulting in some functional recovery [76], functional outcome is limited because

complete recovery also necessitates the reformation of spinal cord circuitry.

Neural regeneration

Delivery of neuro-regenerative drugs, cell-based therapy and tissue engineering aim to

promote neural regeneration. In drug delivery, growth factors such as neurotrophins

help in improvement of nerve regeneration, synaptic transmission and plasticity [77].

Cell therapy efforts mostly focus on cell transplantation and grafting. Transplantation

of stem cells is widely investigated as a cell-based therapy [78–80], as stem cells

have differentiation capabilities that allow them to change into neurons and glia.

In addition, a variety of cells are used in studies such as Schwann cells that are

in-charge of producing myelin sheaths in peripheral nervous system and capable of

improving remyelination as well as axonal regrowth [81,82]. Tissue engineering aims to

promote regeneration of injured nerves by means of materials that can mimic natural

scaffolding such as hydrogels, nanofiber scaffolds and hybrid applications. Hydrogels

are biocompatible networks of polymers that can improve the environment for neural

regrowth [58–60]. Nanofiber scaffolds not only provide supportive scaffolding for

damaged cells but also deliver drugs and support transplanted cells [55–57]. Various

combinations of hydrogels, nanofibers and drugs are also studied for recovery of SCI

as shown by [61–63]. Fundamental challenges in this direction include the following.



48 Chapter 4: Novel ICT-based Treatments for Spinal Cord Injuries

� Functional outcome: Although above-mentioned studies report some improve-

ment regarding neural regeneration and recent research show several initial re-

sults regarding functional neural network formation [83–86], directing regen-

erating neurons to form functional circuitry still poses huge challenge in this

research direction [54].

� Human Trials: Safety and efficacy of medicine treatment and cell therapy on

humans are still controversial [54,87]. Regarding tissue engineering, functionally

integrating biocompatible materials to the tissues and the feasibility of human

trials are the unknown issues [88].

4.2.3 Biological versus ICT-based Treatments

Since ICT-based treatment approaches do not have protective or supportive aims,

they directly focus on communication problems between the brain and the spinal

cord. Several initial studies have provided promising results for these techniques with

regard to safety and the functional outcome. In this respect, some advantages over

biological treatment approaches are stated below.

� Functional outcome: As processing, stimulation and communication capabilities

of the external interfaces advance with the developments in ICT, restoration in

the movements of a subject with SCI can be observed as shown by a recent

study [66].

� Human trials: In addition to animal experiments, in studies such as [67], promis-

ing improvements in terms of motor impairment in human patients were ob-

served.

� Safety: Although long term safety of the invasive recording devices in NISs is

still not proven, there are less invasive alternatives with low risk neural interfaces

such EEG-based [89] and ECoG-based systems.
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Figure 4.2: Basic structure of an NIS.

4.3 Existing ICT-based Treatment Techniques

In this section, we present prevalent ICT-based treatment techniques reported in the

literature and future directions that may be possible in the NIS and AN frameworks.

The two techniques contrast with each other on the scale of their approaches with NIS

focusing on macro-scale solutions and AN employing a micro/nano-scale approach.

4.3.1 Neural Interface Systems

While aforementioned biological techniques aim to improve signal transmission prob-

lem through the injured spinal cord, NISs utilize nervous signals taken directly from

the brain or spinal cord before the injured part to restore the motor function. The

major components of a typical NIS are depicted in Fig. 4.2. Details for each of these

components is given below.

Neuron Recordings

Available neuron recording methods include recording directly from the brain [66,69,

90, 91] and recording from the spinal cord tracts [92]. Efficacy, safety, reliability and

longevity are the important factors regarding neuron recordings. In the following, we

discuss neuron recording methods.

Brain Recordings In contrast to non-invasive recoding techniques, recordings with

exceptionally high SNR and high spatio-temporal resolution can be achieved by in-
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vasive recording techniques such as electrocorticography (ECoG) and intracortically

electrode placements [93]. In ECoG, electrodes are implanted subdurally on the sur-

face of the brain, hence, they are able to record the activity of groups of neurons

and provide movement-related field potentials. These recordings are robust over long

periods [94] and higher spatial resolutions can be achieved by utilizing micro-ECoG

grids [95]. Moreover, [96, 97] demonstrates that it can provide enough independent

control signals for simple loco-motor task.

Recording from Spinal Cord Tracts Recording motor control signals through

cross sectional area of corticospinal tract is investigated in [92,98] to obtain recordings

with higher precision than the brain recordings. Main drawbacks of this method are

given as follows.

� Designing a mechanically stable array of electrodes is challenging.

� The range of signal capture by an electrode array is limited, and thus, the num-

ber of neural sources are far more than the array recording electrode contacts.

� Lack of control signals obtained from the tracts for patients with complete SCI

or ALS.

Signal Processing

Real-time processing of the recorded neural data needs to be done for deriving the

intended task by the patient. This process is seen as a pattern recognition system

that contains three main parts: (i) feature extraction, (ii) dimension reduction and

feature selection, (iii) classification or regression. First, the data is processed to derive

a set of features. Feature sets extract the discriminating information that represent

a dataset. Dimension reduction and feature selection methods are utilized to remove

irrelevant and redundant information. In Table 4.1, a list of methods available for

each step of a pattern recognition system is provided [99].
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Table 4.1: A list of methods used in a pattern recognition system.

Process Method

AutoRegressive component

Wavelet transform

Common spatial pattern
Feature extraction

Matched filtering

Principal component analysis
Dimension reduction

Independent component analysis

Genetic algorithm
Feature selection

Sequential selection

Linear discriminant analysis

Support vector machine

Bayesian statistical classifier

K-nearest neighbor classifier

Classification

Artificial neural network

After extracting the intended task from neural recordings, control signals must be

derived to restore or replace natural function of a paralyzed or lost limb. In case of

spinal cord stimulations for restoring the functionality of the injured spinal cord, these

control signals are the parameters needed as the input of the spinal cord stimulator.

Restoration of Function

The extracted control signals from the previous steps are then utilized to restore

or replace natural function of a paralyzed or lost limb. Such NISs include brain-

computer/machine/spine interfaces [64–67, 69, 90, 99–110], or spinal cord-computer

interfaces [92,98] that are further described below.

Operating assistive neuroprosthesis Using assistive neuroprosthesis is not the

focus of this study since it does not provide a solution for bypassing the injured part

of the spinal cord to restore the control over muscles.

Direct stimulation of muscles Direct stimulation of muscles by signals extracted

from intracortically recordings was first studied on monkeys with transiently paralyzed
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Figure 4.3: The general architecture of an artificial neuron.

arm [64, 109, 110], and then applied to a paralyzed human [67]. Results suggest

that intracortical recordings can be linked in real-time to muscle activation, enabling

the control of muscles using the activity of neurons in the motor cortex. However,

electrical stimulation of muscles causes fatigue and long term stimulation by electrodes

can damage muscles.

Spinal cord stimulation Epidural spinal cord stimulation and intraspinal micros-

timulation are two existing methods in the literature for inserting motor control sig-

nals back to the motor circuitries. However, by using current electrical stimulation

techniques in either epidural stimulation or intraspinal microstimulation, cell spe-

cific activation of spinal cord’s motor circuitry is challenging due to interference from

non-target neuron populations. In this respect, optogenetics can be a key to control

the limbs by activating or suppressing specific population of neurons in the spinal

cord [111, 112]. Open issues include finding encoding methods for motor commands

recorded from the brain in order to deliver meaningful signals to the spinal cord and

developing proper light delivery techniques for spinal cord [113]. The former requires

identifying contributions of different neuron populations on the motor control. Re-

garding the latter, current research focuses on RF powered wireless systems [114,115]

since employing optical fibers in the spinal cord is not possible contrary to the case

of brain [113]. Another approach could be designing ultrasound powered optogenetic

stimulator systems such as shown in [116, 117], which can reach deeper layers in the

spinal cord, to employ them in the spinal cord.
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4.3.2 Artificial Neurons

Another potential direction for treatment of SCI could be the use of artificially created

neurons to replace injured biological neurons. The general architecture of an AN is

shown in Fig. 4.3, where a pre-synaptic neuron connects to a processing unit by

means of a transducer. The AN performs processing actions similar to its biological

counterparts, and thus, completes the nervous pathways. Some key characteristics

required by a functioning AN that may replace biological neurons are outlined below.

� Plasticity: The AN should be able to change synaptic weights in a plastic

manner since plasticity forms the basis of memory and cognitive functions of

the nervous system.

� Implementation scale: From the perspective of a single neuron, the scale can

either be synaptic or neuronal. On synaptic scale, individual synapses can be

identified and interfaced to synapses from other neurons, whereas on neuronal

scale, the neuron as a whole may be interfaced.

� Biocompatibility: The AN should be bio-compatible such that this bio-compatibility

should extend to the bio-interfaces of an AN within the body [118].

� Physical dimension: The sizes of the AN should be on a scale similar to bio-

logical neurons. Synaptic clefts are on average 20 nm in length, whereas spinal

neurons are significantly larger in size.

� Energy requirements: Energy self-reliance is another major issue for any im-

planted system. Batteries may not be a viable solution for long term implan-

tation. The energy required by an AN can be harvested from the body heat or

blood pressure by creating gradients within the body.

� Amplification: Processing of biological inputs may require with low noise, low

power and high precision characteristics.
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� Implantation: This process is almost as critical as the development of ANs

themselves. On scales of neurons, surgery by human surgeons is not a viable

solution. In such cases, robotic surgery system would need to automatically

identify different sections of biological neuron by means of imaging, and proceed

with the surgery by connecting the appropriate AN sections accordingly.

The characteristics of the AN discussed above provide significant challenges; however,

once developed, the benefits of such systems are also unlimited.

4.4 Proposed ICT-based Treatment Techniques

In this section, we introduce critical enhancements of two potential techniques for

SCI treatment based on the literature survey and the desired characteristics of NIS

and AN.

4.4.1 Neural Interface Systems with Sensory Feedback

The main technical challenges in using an NIS to provide an ICT-based treatment for

spinal cord injuries can be itemized as follows.

� Restoring Somatosensory Feedback : Current NISs are unidirectional which is

meaning that motor commands from the brain are decoded and delivered to

actual or prosthetic limbs. Natural sensory feedback to the system is provided

by visual feedback only. On the other hand, by unidirectional approach, fine

motor actions cannot be restored because only vision does not provide complete

sensory feedback from the body. It is shown that with visual feedback only,

movements are slow and uncoordinated [119]. Hence, encoding feedback from

multiple sensory modalities such as touch and proprioception and deliver them

to the brain [120] can improve fine movements.

� Recording and Stimulation Techniques : Graphene is a novel bio-compatible 2d-

material and its sensitivity to different ions can be modified by various etching
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Figure 4.4: Proposed NIS system with enhanced feedback.

methods and functionalization [121]. Hence, it can be used for sensing fluctua-

tions in specific ion concentrations. Graphene is electrically conductive, and it

can be patterned into nanoscale, electrically disconnected, conductive patches

via hydrogenation, etching or fluorination [122, 123]. This makes it suitable

for implementing high resolution neural interfaces which can both generate and

differentiate the highly localized fluctuations in ion concentrations.

� Fully Implantable System: To offer more comfort for patients and reduces the

risk of inflammation, the NIS must be fully implantable.

In this section, we propose the comprehensive framework for realizing an NIS that

addresses the above mentioned challenges. Our proposed NIS that utilizes the neural

signals recorded from the brain and stimulates the spinal cord for restoring motor

function in paralyzed patients is shown in Fig. 4.4. Different components of our NIS

are explained in the following.

Recording Device and Processing Unit Communication Interface

The graphene-based high resolution neural interface (GNI) will be placed over the

primary motor cortex to record the brain activities of the patient. This recording
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device is implanted together with a transmitter, which uses wireless transmission to

communicate recorded signals with a processing unit.

The bandwidth demand of the wireless transmission channel between the brain

implant and the external processing unit is correlated with the number of recording

channels employed. For better estimation of brain commands, we need densely dis-

tributed recording sites that require high data rates (on the order of Mbps) [124]. On

the other hand, the transmitter should dissipate relatively low energy because thermal

heat produced by power consumption can damage neural tissues [125]. Considering

these limitations, Ultra-wide band (UWB: 3.1-10.6 GHz) systems, which can provide

high data rate within allowable power dissipation range with minimal chip area [126],

is the most suitable solution [127]. Therefore, the communication interface between

the brain implant-processing unit of our NIS will consist of a simple UWB transmitter

at the brain implant and a more complex UWB receiver at the processing unit [128].

Furthermore, compression techniques with efficient implementation, such as the one

proposed in [129] can be utilized to reduce data rate without considerably affecting

complexity.

Processing Unit and Spinal Cord Stimulator Interface

The processing unit performs two tasks, (i) decoding the intent of the subject from

neural signals, and (ii) generating control signals for spinal cord stimulation. This

unit will be placed in a rechargeable and mobile device. Hence, it needs a wireless

transmitter to transfer the stimulation parameters to the site of spinal cord stimula-

tion. The transmission between the processing unit and spinal cord neural stimulator

can be performed at lower data rates compared to the brain implant-to-processing

unit link since the dimensionality of the transmitted signal reduces. Additionally, the

receiver at the neural stimulator must operate with low energy [125]. Transmission at

low signal energy and minimal antenna coverage area again makes UWB transmission

suitable for this link. Moreover, it is also advantageous in terms of interference [130].
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The received control signals at the spinal cord stimulator are then used for setting the

stimulation parameters. The GNI is able to both recognize and generate fluctuations

in concentration of specific molecules in a local area. Hence, it will also be used for

high resolution stimulating of nerve cells located in spinal cord.

Muscle to Brain Communication Interface (Feedback)

There are variety of wearable sensor for monitoring body activity in the literature.

Among these, especially flexible tattoo-based and skin-like sensors are advantages

due to their soft and ultra thin designs that provide comfort for users. Moreover,

they are generally made of bicompatible materials such as graphene [131–134] and

gold [135], which makes them suitable for long term use. These sensors are also

capable of recording multiple sensory modalities such as muscle activity and touch

[131]. Considering communication interface, wired, wireless or hybrid approaches can

be followed. For high density of sensors, which is the case of multiple modalities being

recorded, we can use wired sensor arrays whose recordings are gathered at the sink

node, which has wireless communication interface with the processing unit or with

the brain implant directly. Otherwise, communication modules of the sensors can be

integrated to Near Field Communication (NFC) and Radio Frequency Identification

(RFID) technologies, which are enabled by flexible thin antennas such as graphene-

based antenna shown in [136].

An alternative to wearable sensors is ultrasound-based implantable Neural dust,

which is validated in rat peripheral nerves and is shown to be capable of recording

neural activity in the peripheral nervous system [137]. This system uses backscat-

tering and other advantageous aspects of ultrasound such low attenuation through

the tissues, and accordingly low energy consumption compared to RF technologies

currently employed in implantable devices [138]. In addition to this, further minia-

turization is needed in this system as well as in the aforementioned flexible sensor

based systems.

The collected sensory information is then transmitted to the processing unit to
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generate the parameters for somatosensory cortex stimulation. For this aim, the re-

sponsible regions of somatosensory cortex for sensory feedback from each leg should

be identified as follows. The placements of stimulation electrodes on the brain and

sensors on the body require mapping between the outputs from each sensor and loca-

tion in S1. Somatotopic organization of S1 [139], which is one to one correspondence

between a sensation from a body part and population of neurons in S1, enables such

mapping. To this aim, the subject is trained (no need for training in the case of

human subject [140]) by stimulating 3a and 3b areas of S1, which are related to

proprioception and touch [141]. According to the report of subject, the perceived

locations on the limbs are determined. The sensors that will provide the feedback

then will be placed on these locations. For the paralyzed subjects, the mapping is

performed using remaining sensory connections; however, in the case of complete sen-

sory loss, new techniques are required. Afterwards, a DNN is trained to estimate the

activity of somatosensory cortex according to the collected sensory information. Since

we consider the SCI injuries in which the sensory pathway is also damaged, our NIS

will utilize this information to generate stimulation parameters that activate similar

somatosensory regions in patients.

In the next step, the processing unit transmits the stimulation parameters to

the controller unit that is surgically placed over pia mater. The transmission will

be performed through UWB communication interface again. The controller sends

the control signals to the graphene based high resolution neural interface located over

somatosensory region to stimulate the brain through manipulating ionic concentration

levels.

4.4.2 Self-Organizing Artificial Neurons

Although the nervous system’s information processing capacity increases by the use

of an NIS, its capacity is not as high as before the injury due to unrecoverable in-

formation loss. A solution to the aforementioned problem could be the retrieval of

connections lost at the injury cite. The capacity could be maximized (at least theoret-
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(a) Before self-organization. (b) After self-organization.

Figure 4.5: Self-organizing ANs incorporated into hydrogel.

ically) to the pre-injury levels by employing artificial nervous connections across the

injury area where the signals are already localized in specific positions. Therefore, we

propose an architecture where ANs with neuromorphic properties are suspended in a

hydrogel. Such ANs, can form bridges across the injury cite and make new nervous

connections with biological and artificial neurons. A representative diagram is shown

in Fig. 4.5.

As discussed earlier, the implantation of AN systems propose a major challenge

since surgery on the micro/nano-scale itself is an open problem. This problem can be

bypassed by considering systems that use self-organization to create the AN bridge

across the nervous injury. Such a system is shown in Fig. 4.5, where AN bridges form

across the injury area over time. Self-organization is a hot research area, where local

interactions between individual entities give rise to an overall structure of the system.

The simplest approach towards this goal is the use of electric or magnetic fields. Since

the action potentials of the nervous system are themselves electrical signals, the self-

organization can be based on its use as the attractor field. Graphene nanosolenoids

discussed in [142] may provide the ideal implements in this regard both in terms the
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required size, low energy requirements and magnetic properties.

For the system to be completely independent, the ANs need to collect energy from

their environment. This energy can be scavenged within the body [143], or through

external sources using wireless power transfer (WPT).

4.5 Applications of ICT-based SCI treatment techniques

ICT-based treatments for SCI can also open the way for number of applications in

different scenarios. Internet of Bio-Nano Things (IoBNT) framework [4] is a basis

for applications in which biological entities will be connected to Internet. Regarding

the deployment of engineered nano entities in the body, wide range of applications

including remote health monitoring and smart delivery systems can be envisioned.

In case of NIS, interfacing brain with the Internet can maintain direct interaction

between the brain and the living/inanimate things so that applications such as smart

home, smart city and smart hospital can be enabled. In the following, we describe

some examples of these applications.

Regarding the former, in a targeted drug delivery scenario, the patient can receive

different drug and enzyme treatments. Therapeutic intervention of SCI, especially

neural regeneration, is a long process which may take weeks or years. Therefore,

This shows the need for remote monitoring and treatment. In such a case, successful

delivery signal of a particular type of therapeutic molecules can be received by a bio-

cyber interface, which can be positioned near the spinal cord column according to

the site of injury, and then be transmitted to medical personnel through the Internet.

According to health condition of the patient, the medical personnel can decide to

use another treatment and send a activation signal to the bio-cyber interface. The

bio-cyber interface transmits a signal to a particular nanosytem in order to activate

it. Another IoBNT application can be remote monitoring of the patient to observe

functional outcome of the treatment. In this scenario, a nanosystem monitors the

activity of neurons that are original synaptic targets of the injured neurons. For

instance, the nanosystem can sense neurotransmitters concentration released from
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these target neurons to monitor the synaptic activity. If there is activity, this means

that some of the injured neurons have reached their targets by axonal regeneration.

To monitor whether the synaptic activity results in functional outcome such as motor

action in the muscle as well, another nanosystem can monitor neural activity of a

muscle fiber. Both nanosystems send information through the bio-cyber interface

and the medical personnel can observe status of the treatment on the Internet and

accordingly he or she may take actions such as activating another treatment options

by sending new commands to the bio-cyber interface.

Considering NIS, recorded command signals from the brain such as ECoG signals

are sent to cloud server through the Internet. Decoding of brain signals are performed

in the cloud using deep learning model of the person. Decoded signal can trigger a

function in intended applications.



Chapter 5

CONCLUSION AND FUTURE RESEARCH DIRECTIONS

Enabling technologies including nanotechnology have been opened the way for

nanoscale bio-inspired communication systems and ICT-based treatment techniques

for neural diseases. In this respect, framework for developing ICT-based diagnosis

and treatment techniques was introduced in [5]. According to the framework, the

development of these techniques requires the understanding of healthy and diseased

intra-body communication channels as a first step and further ICT-based analysis

is needed to extract the relationship between nervous diseases and network metrics.

Thus, in this thesis, we focused on the modeling and information theoretical analysis of

spinal cord networks and based on our analysis we reached results regarding informa-

tion theoretical metrics and SCI. Moreover, we put forth novel ICT-based treatments

for the treatment of SCI and reveal their future applications. The contributions and

the results reached in each chapter are summarized as follows.

5.0.1 Information Theoretical Analysis of Multi-terminal Neuro-spike Networks in

Spinal Cord

Extensive research effort has focused on the modeling and analysis of neuro-spike com-

munication and other conceptual communication models for neural communication.

However, a realistic communication network abstraction of spinal cord system taking

physiological characteristics of neurons into account is not considered in the literature.

Thus, in this chapter, we analyze rate of information flow across a spinal cord motor

nucleus system from information theoretical perspective. To this end, we first develop

an equivalent single-hop neuro-spike network and then formulate bound on the total

achievable rates across the network. Finally, we simulate maximum achievable rates
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numerically with regard to a particular spinal cord motor nucleus system. The results

indicate a correlation between decreasing maximum total rates and weakness in the

muscle as a result of lower motor injury.

5.0.2 Rate of Information Flow Across Layered Neuro-spike Networks in Spinal Cord

Neuro-spike communication is one of the bio-compatible communication techniques

proposed to be employed among replacement nano-entities to recover the disrupted

spinal cord network after SCI. Most studies regarding neuro-spike communication

have been focused on realistic modeling and analysis of physical channels. In these

studies, neurons are generally assumed to be cortical neurons. On the other, com-

munication among distinct populations of neurons in the spinal cord network is not

considered. Therefore, in this chapter, we model the spinal cord motor pathway as

layered neuro-spike communication network in order to determine the rate of motor

information flow across the spinal cord. Since the corresponding network is cascade

of two independent X-channel, the network capacity is limited by minimum hop ca-

pacity. Thus, we formulate the capacity expression for neuro-spike X-channel and

further derive the upper bound on the capacity for full excitatory synaptic connec-

tions. Based on our analysis on the network by using realistic data for channel and

network parameters, we reach the following results. Paralysis due to loss of CNs is

observed because the network capacity tends to zero as the number of CNs moves to

zero. Furthermore, reduction in the channel capacity due to MN loss is correlated

with occurrences of muscle atrophy and weakness which are observed in LMNS.

5.0.3 Novel ICT-based Treatments for Spinal Cord Injuries

Huge research effort has been focused on developing techniques to restore motor ac-

tions and sensation after SCI by medical and bio-engineering approaches such as drug

delivery. However, successful treatment methods still does not exist because of in-

trinsic limitations of these approaches. On the other hand, ICT-treatment techniques

can pave the way for smarter restoration of spinal cord communication pathways
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by advanced communication and networking methods. Therefore, in this chapter,

we propose two ICT-based treatments, namely, NIS with enhanced sensory feedback

restoring both sensory and motor deficits and intra-body deployment of ANs replac-

ing injured neurons. NIS with enhanced feedback can result in fine motor movements

with the restoration of spinal sensory pathways. For ANs, we propose the use of

self-organization to smartly tackle transplant issues and energy harvesting to make

the devices truly independent. Moreover, development of these methods can enable

IoBNT applications such as remote health-care monitoring. Furthermore, the brain

can be interacted with livings and things using recorded brain signals and through

bio-cyber interfaces.

5.1 Future Research Directions

In this thesis, we consider several injury scenarios affecting healthy information flow

across the spinal cord. In order to reveal the relationship between information theo-

retical metrics and injuries, we simulated SCI with the loss of upper or lower motor

neurons because the loss of these neurons affects normal functioning of the spinal cord

most dominantly. However, more detailed injury scenarios using post-injury physi-

ological data for metabolic constraints such as deficiency in energy source (ATP) of

neurons and changed parameters such as release probability and post-synaptic poten-

tial amplitude can be considered as a future work. These injury models can be used in

nanonetwork simulators and diagnosis tools for SCI. Moreover, neuro-spike network

models can be further extended by including spinal sensory pathways as well to inves-

tigate sensory deficits due to SCI. Most importantly, experimental verifications are

needed for neuro-spike communication models before prototyping replacement artifi-

cial neurons with bio-inspired capabilities which are envisioned to be employed inside

the body.
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[16] M. Veletić, P. A. Floor, Y. Chahibi, and I. Balasingham, “On the upper bound

of the information capacity in neuronal synapses,” IEEE Transactions on Com-

munications, vol. 64, no. 12, pp. 5025–5036, 2016.

[17] A. S. Cacciapuoti, A. Piras, and M. Caleffi, “Modeling the dynamic processing

of the presynaptic terminals for intrabody nanonetworks,” IEEE Transactions

on Communications, vol. 64, no. 4, pp. 1636–1645, 2016.

[18] H. Ramezani, T. Khan, and O. B. Akan, “Sum rate of miso neuro-spike com-

munication channel with constant spiking threshold,” IEEE Transactions on

NanoBioscience, 2018.



Bibliography 67

[19] D. Purves, G. J. Augustine, D. Fitzpatrick, L. C. Katz, A.-S. LaMantia, J. O.

McNamara, and S. M. Williams, “Neuroscience. sunderland,” MA: Sinauer As-

sociates, 2001.
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[26] G. Buzsáki and K. Mizuseki, “The log-dynamic brain: how skewed distributions

affect network operations,” Nature Reviews Neuroscience, vol. 15, no. 4, p. 264,

2014.

[27] P. C. Petersen and R. W. Berg, “Lognormal firing rate distribution reveals

prominent fluctuation–driven regime in spinal motor networks,” Elife, vol. 5,

2016.

[28] J. Du, “Cooperative strategies in multi-terminal wireless relay networks,” Ph.D.

dissertation, KTH Royal Institute of Technology, 2012.

[29] T. M. Cover and J. A. Thomas, Elements of information theory. John Wiley

& Sons, 2012.



Bibliography 68

[30] J. A. Gallego, J. L. Dideriksen, A. Holobar, J. Ibáñez, V. Glaser, J. P. Romero,
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