DOCTORAL THESIS

Artificial Neuron Model
for Large Scale Spiking
Brain Neural Network

A unified hybrid excitable cell model for neurons, cardiac myocytes and the brain—
heart interface

AEJRONS IKES A/ A/ H HEAZTBEAT @

CI 100 billion neurons simulated) C © 86 % spike coincidence ) ( %" 8 species - cardiac AP )

DR. ASIF MEHMOOD

DOCTOR OF PHILOSOPHY - COMPUTER SCIENCE

Supervisor: Dr Muhammad Javed Igbal
University of Engineering and Technology, Taxila, Pakistan

2025




Artificial Neuron Model for Large Scale
Spiking Brain Neural Network

A thesis submitted in partial fulfilment of the requirements
for the degree of

Doctor of Philosophy in Computer Science

PRESENTED BY

Dr. Asif Mehmood

Registration No. 2017-UET/PhD-CS-09

SUPERVISOR

Dr Muhammad Javed Igbal

Department of Computer Science
Faculty of Telecommunication and Information Engineering

University of Engineering and Technology, Taxila, Pakistan

July 17, 2025




Publications

The research presented in this thesis has been published in the following peer-reviewed journals
and conference proceedings.

BB Arabian Journal for Science and Engineering

Asif Mehmood, Muhammad Javed Iqgbal. “Hybrid Spiking Neural Networks for Anomaly Detection of
Brain, Heart and Pancreas.”

£ doi: 10.1007/513369-024-08833-w

AB IEEE Access, vol. 11, pp. 128187-128197, 2023

Asif Mehmood, Muhammad Javed Igbal. “Hybrid Excitable Spiking Neural Network for Cardiovascu-
lar Disease Prediction.”

£ doi: 10.1109/ACCESS.2023.3330439

Asif Mehmood, Muhammad Javed Igbal. ‘A Unified Hybrid Excitable Cell Model for Anomaly
Detection of Heart.”

£ doi: 10.1007/500521-025-11674-9

AB Neuroinformatics

Asif Mehmood, Ayesha Ilyas, Hajira Ilyas. “Cardiac Heterogeneity Prediction by Cardio-Neural
Network Simulation.”

£ doi: 10.1007/512021-025-09717-6

BB 14th Int. Conf. on Computational Intelligence and Security (CIS), IEEE, 2018, pp. 1-5

Asif Mehmood, Muhammad Javed Igbal, Hassan Dawood, Ping Guo. “Computationally Efficient
Low Power Neuron Model for Digital Brain.”

[ IEEE Xplore: 8564247

| BB Neural Computing and Applications


https://link.springer.com/article/10.1007/s13369-024-08833-w
https://ieeexplore.ieee.org/document/10313123
https://link.springer.com/article/10.1007/s00521-025-11674-9
https://link.springer.com/article/10.1007/s12021-025-09717-6
https://ieeexplore.ieee.org/stamp/stamp.jsp?tp=&arnumber=8564247&isnumber=8564238

Acknowledgment -

I would like to express my sincere gratitude to my supervisor Dr. Muhammad Javed Igbal,
Assistant Professor, Faculty of Telecommunication and Information Engineering, University
of Engineering and Technology, Taxila, Pakistan, for his continuous support, helpful advice
and valuable guidance throughout this project work. His emphasis for excellence kept me
well-directed and focused. He has made me able to follow the thesis plan very smoothly through
his well defined execution and cooperation day in and day out. His cheerful and enthusiastic
encouragement was a source of strength for me to complete this project.

I am immensely grateful to Dr. Syed Adnan Shah, Assistant Professor, Faculty of Telecom-
munication and Information Engineering, University of Engineering and Technology, Taxila,
Pakistan, for giving me valuable inputs regarding MATLAB coding and results presentation.
His vast experience of the field has assisted me in a very sophisticated manner right to the
completion.

I am thankful to Dr. Kashif Sattar, Assistant Professor, IT department, Arid University
Rawalpindi, Pakistan, for his support in preparation of manuscript for journal submission.

My sincere appreciation goes to Dr. Ali Daud, Associate Professor, Department of Computer
Science and Software Engineering, International Islamic University, Islamabad, Pakistan, for
providing fruitful information about different journals and submission guidelines.

My sincere gratitude is to Dr. Junaid Ali Khan, Professor/Dean Faculty of Basic sciences,
Department of Computer Science and Engineering, HITEC University, Taxila, Pakistan, whose
emphasis for excellence kept me focused on to my project and helped me complete it in time.
I thank him for providing the necessary resources and facilities to carry out this project in
time.

I would also acknowledge the active support, I got from all my class fellows, especially, Mr.
Muhammad Awais, Mr. Muhammad Faheem and Mr. Muhammad Farooq for providing feedback
on methodology and results to carry out this project in time.

Finally, I am extremely gratified and indebted to my family members, especially, my parents
and elder brother Mr. Atif Ilyas (late), for their enormous support, persistent encouragement
and earnest prayers throughout this project.

Dr. Asif Mehmood
UET Taxila, 2025



Abstract

Modeling and simulation of human brain with diverse neurocomputational features is a chal-
lenging task. To perform biologically meaningful brain simulation, biologically comprehensive
and computationally simple model of neuron is required. State of the art models in litera-
ture are either complex in terms of biological details or exhibit limited neurocomputational
features. The essential part of information processing in brain is concerned with diverse
neurocomputational features and bidirectional communication between brain and organs. In
this work a unified model of excitable cells is proposed. The model contains the dynamics
of neurotransmitters to replicate the enriched neurocomputational features and adrenergic
receptors to handle the bidirectional communication between brain and organs. A network of
2191 fully connected neurons, as per the dimensions of dataset, is simulated and performance
of proposed model is compared with Generalized Leaky Integrate and Fire (GLIF) model,
Multi-scale Adaptive Threshold (MAT) model, and Quadratic Integrate and Fire (QIF) model. It
is observed that proposed model is 86% efficient in terms of coincidence factor when compared
with GLIF 69%, MAT 73%, and QIF 77%. In terms of firing rate coefficient, prediction accuracy
of proposed model is 83% against GLIF 55%, MAT 61%, and QIF 67%. The model extended to
the neural network of human brain level containing 100 billion neurons by assuming the neural
response in digital form. This assumption reduced the memory requirement of simulation to
13 gigabytes. The model applied to the cells of heart and successfully replicated the electrical
activity of cardiac myocyte of different species. A network of 1000 fully connected neurons and
cardiac myocytes simulated, and electrical activity is recorded. From electrophysiological data
of cardio-neural network simulation, heart rate variability is predicted. This study provides the
modeling and simulation phase of brain-heart interface to predict morbidity at early stages.
The recent advancements in nano-electronics will make is possible to develop brain-heart
interface as nano-chip implant in subject to monitor and control the brain-heart interplay
through electrophysiological signals.

Keywords: Spiking neural network - Hybrid excitable cell model - Action potential - Adaptive threshold
- Cardiac myocyte - Brain-heart interface
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CHAPTER 01

Introduction

The brain is a world consisting of a number of unexplored
continents and great stretches of unknown territory.

— Santiago Ramén y Cajal

® QUESTIONS TO EXPLORE = IN THIS CHAPTER

o Why is simulating a brain of one hundred billion

neurons and one thousand trillion synapses still 1.1 Background 2
out of reach? 1.2 Motivation 5

e Why are existing neuron models either too 1.3 Problem Statement 6
complex to scale or too simple to be biologically | 1.4 Aims and Objectives 6
faithful? 1.5 Contributions 7

e How can an adaptive threshold and fixed-point | 1.6 Thesis Structure 7
neuron computation simplify large-scale 1.7 Summary 8
simulation?

e What does this thesis set out to achieve, and
what does it contribute?




1 Introduction 1.1 Background

This chapter is devoted to the basic concepts related to neuron. From a biological point of
view, neurons are considered as excitable cells with chemical interactions in terms of ion
channels. On the other hand, the neuroscience community treats neuron as computational unit
of information processing of brain. The purpose of this chapter is to highlight the actual picture
of neuron by looking through the prism of intrinsic features. Therefore, readers will be able to
understand the ion channel dynamics as well the effect of ion channels on neuron behavior.
This chapter will briefly explore the concepts related to firing of neurons, threshold generation,
dynamical behavior of neuron in terms of ion channels and threshold variability.

Background

Modeling and simulation of a human brain containing one hundred billion neurons and one
thousand trillion synapses is a challenging task for the neuroscience community. After conduct-
ing rigorous experiments and exhaustive simulations over the years, researchers can understand
the animal behavior associated with individual brain region (intra-regional). However, com-
munication across different brain regions (inter-regional) during complex tasks related to
vision, speech and motor control are still unknown [1]. To understand such complex tasks
performed by a brain, researchers require a unified model for whole brain that can capture
animal behavior with biological parameters. Such models would be significantly important
about the evaluation of animal behavior in terms of simulation rather conducting expensive,
time consuming and ethically prohibited experiments [2].

Modeling and simulation of the human brain with complex biological parameters in real-
time is a challenging task. A biologically realistic neuron contains cell body, dendrites and
axon for computation and communication with other neurons. Neuron captures input from
other neurons or sensory receptors through dendrites. The signals captured by dendrites are
superposed and a composite input signal is generated [3]. Depending upon the strength of
input signal, cell body initiates a nerve impulse that propagates through axon to the target
neuron or cluster of neurons with similar features, called neural network. From modeling
perspective of neuron, it is important to understand the dendritic superposition of different
weak signals into a composite signal. There are several chemical and electrical phenomena
behind this superposition such as potential gradient, ion channel dynamics and electrostatic
interactions between ions [4]. The cell membrane of neuron also plays a vital role in action
potential generation process. The action potential of single neuron is combined with other
similar featured neurons to form a cluster of neurons as neural network. These neural networks
are specialized for certain tasks depending upon the nature of input and corresponding
output.

Computational neuroscience is concerned with the numerical methods to investigate the
underlying processes for spike generation. The electrophysiological features of neurons in terms
of spike train determines the information processing mechanism. The combination of spike train
by application of input varies between neurons even possessing identical electrophysiological
and morphological features. Thus, to understand information processing mechanism of brain,
intrinsic properties of neuron are also of key importance. Computational models that can predict
current voltage response of neuron are derived from conductance-based models. Hence, treating
the neuron in a manner where response is predicted by overall assumption of conductance,
introduces error in neural response. The prime reason of error in such models is the negligence




1 Introduction 1.1 Background

of neural intrinsic properties and their integration at large scale network level. Therefore,
building large scale neural network by implementing conductance based computational models
provides poor prediction of experimental data [5].

In order to discover the computational aspect of brain, it is necessary to device an accurate
model of neuron at cell level and its integration at large scale network level. Therefore, neural
dynamics in terms of anatomy and electrophysiology, must be integrated in mathematical
format. For this purpose, the current voltage response of neurons is taken as dataset and
corresponding model parameters are predicted. This method is suitable to develop the neural
model in a more sophisticated and scientific manner to converge the spike train generated by
biological neuron. The internal dynamics of neuron in terms of ion channels or voltage activated
gates is estimated by threshold [6]. The dynamic of voltage gates strongly depends upon the
ionic concentration, nature of stimulation, voltage activated receptors, neurotransmitters and
temperature. These factors determine the threshold variability of the neural system. Thus,
even two neurons with identical anatomical and morphological features behaves in a quite
different manner for identical inputs [7].

Recent years have witnessed a boom of massive creations, demanding efficient models of neural
networks for better utilization. With the success of deep learning, Artificial Neural Networks
(ANNs) have gradually become the mainstream paradigms for large scale simulation models of
brain. While ANNs can achieve delightful performances, problems concerning computational
and structural complexity hinder the further application of these models in real-world scenarios.
The event-driven Spiking Neural Networks (SNNs) can process temporal information with
high speed and low energy consumption, which provide a promising alternative for real-time
scenarios [8]. To make a paradigm for brain simulation and restore success in machine learning
areas, we need to propose a unified excitable cell model that can comprehensively utilize the
rich neural temporal information.

In past few years, many attempts were made to model the large scale neural network of a brain
quantitatively and qualitatively on neural simulators (NEST, NEURON, Brain2) and hardware
accelerators such as SpiNNaker. The models utilized behind the simulation to generate spike are
either constant threshold or computationally complex to simulate the large-scale population of
neurons. Quantitative models contain the set of nonlinear differential equations describing the
dynamics of resistance, capacitance and ion channels in terms of intracellular and extracellular
interactions. Computational complexity and homogeneous intra-regional limitations make such
models prohibitive for large scale simulation of brain. On the other hand, qualitative models
are based upon neurocomputational features without considering the dynamics of complex
parameters. This greatly reduced computational cost in terms of floating operations per second
(FLOPS). However, heterogeneous inter-regional communication across all brain regions still
not supported by these models [9]. Cross regional communication is a very important aspect of
brain’s simulation without which we can understand the limited features of cognitive abilities
of a brain through senses. Therefore, the primary focus of this study is the homogeneous
intra-regional and multiple, heterogeneous inter-regional communication between neurons of
different parts of brain in terms of neurocomputational features [10].

To solve this problem, static model parameters with adaptive threshold are assumed and
introduced in integrate and fire model. The motivation behind static parameters is drawn from
the fact that at large scale network level time constant of network almost remains constant
[11]. The ion channel dynamics is like switching semiconductor diode with adaptive threshold
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Figure 1.1 Fixed point neuron (FPN) computation from six neighboring neurons in cubical structure.

potential. Thus, exponential curve of threshold can be approximated with straight line over
a small differential portion of the curve as the time constant of network is large enough
as compared to an individual cell [12]. For this reason, adaptive threshold of a neuron is
approximated with constant voltage drop model of semiconductor diode within small linearly
differential portion [13].

Fixed Point Neuron (FPN) computation is introduced in which randomly generated noisy input,
is available to each neuron with one thousand synapses. Fixed point neuron (FPN) computation
from six neighboring neurons in cubical structure, where central neuron is labeled as (i, j, k)
is assumed at the center of cube and remaining six neurons are labeled as (i + 1, j, k) and
(i—1,j, k) along x-axis, (i, j+ 1,k) and (i, j — 1, k) along y-axis and (i, j,k + 1) and (i, j, k — 1)
along z-axis. Each neuron can receive synaptic input current from one thousand neurons (not
drawn here), thus each FPN computation is done by seven thousand synaptic connections,
out of which only strengthen weight have been plotted according to Hebbian learning rule.
Instead of computing dendritic responses from all neurons, soma computes the response based
upon noisy input from six (fixed points) immediate neighboring neurons (six neurons for 3D
visualization and four neurons for 2D) by finite difference method as illustrated in Figure 1.1.
Six fixed points have been assumed by considering cubical neural distribution within brain.
This assumption further simplifies the computation associated with calculation of neuron index.
The approach can be equally valid for deep neural networks where each neuron out of six can
be taken from different cortical layers [14].

Our approach is different from state-of-the-art models in three aspects.

> Qualitative features of action potential are considered instead of quantitative features and
points of activation are traced by straight line. The inspiration behind this assumption comes
from the fact that at large scale network level time constant is very large and exponential
curve of threshold can be approximated by straight line. Therefore, asymptotic behavior of
limit cycle attractor that defines hyperpolarization of neural activity, converge faster than
the exponential model [15].

> Fixed point computation adopted at network level by considering six immediate neighboring
neurons instead of evaluating response from all the neurons connected with arbitrary neuron.
The motivation behind this assumption is the 3D distribution of brain cells. For sake of
simplification cubical structure have been taken instead of drawing actual brain surfaces.
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This approach can also be equally valid by simulation of brain network with respect to six
cortical layers having cross regional communication [16].

> Adaptive feature of threshold of neuron is integrated at network level, previously available
in adaptive models at cell level only. State of the art models are the manifestation of
Hodgkin and Huxley model by assuming constant threshold. However, after recording
neural response experimentally against noisy input synaptic current, adaptive threshold is
universally accepted by neuroscience community [17].

Motivation

Machine learning algorithms are gaining popularity in the field of computational neuroscience
to investigate qualitative models for extraction of animal behavior from experimental recordings
of electrophysiological dataset [18]. While performing large scale brain simulation, two
significant features of qualitative model are: (i) model must be able to replicate enriched
neurocomputational features of biological neuron in response to identical current and (ii) model
is capable of homogeneous intra-regional and heterogeneous inter-regional communication of
different parts of brain. Unfortunately, qualitative models deviate from in-vivo and in vitro
recordings when stimulated by time varying current. A good qualitative model must exhibit
almost all the known neurocomputational features of biological neuron as the Izhikevich model
do. Hence, this research will provide alternate solutions to the computer scientists to process
neural data more effectively without understanding the complex biological processes behind
the behaviour [19].

Simulation of human brain level large-scale neural network, containing one hundred billion
neurons in terms of firing patterns, is a challenging task. State of the art models are either
complex at single cell level and cannot be extended to the network level or applicable to certain
brain region only. Thus, the modeling and simulation of network of human brain with one
hundred billion neurons and one thousand trillion synapses is possible only if we propose a
unified neuron model applicable to all brain regions. This statement can be confined to two
research questions:

i. How to define the neuron model applicable to all the brain regions in terms of all the known
anatomical and neurocomputational features?

ii. What is the simplest possible morphology of neurons to construct the neural network of one
hundred billion neurons?

The most significant contribution of this research is studying the dynamics of the human
brain at single cell level as well as at network level with cross regional communication. The
motivations of study can be summarized as follows:

> Simplified model of neuron containing homogeneous intra-regional and heterogeneous
inter-regional communication between different parts of a brain.

> Simulation of most important neurocomputational features related to intelligence and
cognition, with biologically realistic parameters.

> Extension of the proposed model on large scale brain network of the order of one hundred
billion cells with one thousand trillion synaptic connections.
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> Spatial representation of different brain regions with respect to neurocomputational fea-
tures.

Problem Statement

Modeling and simulation of human brain with complex biological parameters and enriched
neurocomputational features is a challenging task. To perform biologically meaningful brain
simulation, biologically comprehensive and computationally simple model of neuron is required.
State of the art models in literature are either complex in terms of parameters or limited to
homogeneous intra-regional connections. Therefore, to understand the information processing
mechanism of brain, we need to bridge the functional interactions between brain and organs by
unification of intra-regional and inter-regional features, by biologically detailed computational
model. In this work, a unified model of excitable cells is proposed that can represent the
electrophysiological details of neurons and cardiac myocytes.

Aims and Objectives

The aim of this research is to derive a simple configuration of neurons with other excitable
cells to understand the bidirectional communication between brain and organs in real time.
The objectives of current research are listed below:

> To perform the key indicators of neural configuration in terms of connections, communi-
cation protocols and governing computational model. Performance can be evaluated at
two levels of abstraction: i. Cell level ii. Network level. The best model must be efficient at
both levels at the same time.

> To simulate the human brain containing one hundred billion neurons with one thousand
trillion synapses. Simulation of such a large-scale neural network with Hodgkin and Huxley
model (HH model) require exascale computers capable of executing quadrillion operations
per second. The largest neural simulation conducted so far contains one billion neurons, 1%
of human brain. The simulation performed on Japanese flagship K —computer (derived from
Japanese word kei meaning quadrillion 10'®) by implementing tile partitioning method
[20]. Although electrical spikes are simulated by neurons effectively, however, still we are
far away to know how the brain functions. Even the most complex and comprehensive
models of the brain leave out many details.

> To perform the biologically meaningful simulation of the human brain by integrating the
appropriate model parameters related to complex biological processes. There are many
details of biological processes that cannot be integrated practically into any model of neuron.
Such details include the receptor binding, intracellular and extracellular interactions.
Therefore, researchers can never gather the data associated with such interactions for the
human brain down to the molecular level. However, by applying some algorithms some
features of brain can be extracted under certain constraints as imposed by for large scale
brain models [21].

> To improve the speed of learning in brain simulation by approximating the complex biolog-
ical processes with computationally simple model parameters. Unfortunately, there is no
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technology that can run large scale simulation faster than real time. Therefore, the synap-
tic connections developed in human brain defined by well-known rules such as Hebbian
learning rule may be more complex than expected [22].

> To integrate the neural dynamics of different brain regions and extract the behavior. In
past decades many neural models were developed limited to certain brain regions. A model
representing the neuron of brain overall is not explicitly available [23]. Thus, to model
the functions performed by the human brain, smaller models of brain regions need to be
integrated into large scale networks of brain. Combining top-down and bottom-up models 2
will essentially achieve speed, flexibility and efficiency, however, it is challenging because
we lack a strong theory, how the brain process information [24].

Contributions

The major contributions of this study are summarized as follows:

> Simplified model of neuron containing computational efficiency as well as biological plausi-
bility is proposed. The model extended to the different excitable cells and their electrical
behavior is predicted accurately.

> Simulation of most important neuron features with minimum possible and biologically
realistic parameters is performed. The model is applicable to simulate the electrical activity
of cardiac myocytes and pancreatic cells.

> Extension of proposed model on large scale brain neural network to study the behaviour of 5
different organs and response of brain to deliver the control signal.

> Identification of different features from electrical response of neural network to predict
heart rate variability.

Thesis Structure ’

The research work presented in this document comprises of six chapters as follows:

> Details of literature review of computational models of neuron is provided in chapter 2.
Our approach of modeling the dynamics of neuron is based upon leaky integrate and fire
model, therefore, we restricted our discussion around the variants of computational models
derived from leaky integrate and fire neuron. In this chapter, ion channel dynamics is
discussed in detail with respect to molecular, intracellular and extracellular interactions.
The effects of ions transportation across neural membrane in terms of membrane potential
fluctuations is described in detail.

> Chapter 3 is dedicated to explain the step by step development of proposed model. Mathe-
matical equations and simulation are provided in this chapter to cover the basic concepts
related to computational neuroscience. The ion channel dynamics with mathematical
formulation is provided along with simulation results. The dataset and their explanation is
provided along with baseline approaches. Formulations of statistical analysis at cell level
and network level are illustrated in this chapter.
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> In Chapter 4 results of the study are elaborated. The model performance analyzed in
terms of coincidence factor at cell level and in terms of firing rate coefficient at network
level. Proposed model compared with augmented multi-scale adaptive threshold model,
generalized integrate and fire model and quadratic integrate and fire model.

> In Chapter 5 proposed model is applied on heart cell to illustrate the electrical activity of
cardiac myocytes. A network of 1000 cardiac myocytes are coupled with a neural network
and heart rate variability is accurately determined.

> In Chapter 6 conclusion of study and future directions are provided in detail.

Summary

In this chapter a brief overview of large-scale brain simulation framework is provided. Compu-
tational neuroscience community mainly concerns neural circuits and their electrical activity
towards animal behavior. Extracting animal behavior from composite neural response is chal-
lenging task due to superposition of neural activity at small signal level. State of the art models
developed to study the electrical response of neurons in terms of spikes are either complex
that cannot simulate large population of neurons or oversimplified that cannot capture the
biophysical details of neurons. Therefore, we need to develop a computationally simple and
bio-physically comprehensive model of neuron that can exhibit enriched neurocomputational
features and biological plausibility of real neuron.

& KEY TAKEAWAYS

> Large-scale brain simulation needs a neuron model that is biologically comprehen-
sive yet computationally simple; current models offer one or the other.

> The adaptive threshold is approximated by a straight line over small intervals, in the
spirit of the constant-voltage-drop model of a semiconductor diode.

> Fixed Point Neuron (FPN) computation evaluates each neuron from its six immediate
neighbours in a cubic lattice instead of from all of its synapses.

> The goal is a unified excitable cell model that covers both neurons and cardiac
myocytes, so that brain—organ communication can be simulated.
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Computational neuroscience deals with the neural circuits and their computational features
by modeling and simulation of brain. Neurons in the brain are covered by semipermeable
membranes on which the active ion transportation generates membrane potential to determine
the firing of a spike. Considering the various transportation mechanisms, biological neurons
can be abstracted for corresponding information processing. This chapter will cover the basic
concepts related to neural structure and information processing mechanism briefly along with
state-of-the-art computational models.

Neural Structure

The basic concept of information processing of brain starts with the understanding of neuron.
Neurons are the basic building blocks of the brain, specialized for information processing
through spikes. A typical neuron receives input current from a few to ten thousand neurons
through treelike structure, dendrite. The input current approaching to neuron is superposed to
transform a composite current, sufficient to activate the voltage sensitive gates. These gates
act like an amplifier to enhance the level of input in the form of transformed potential. This
transformation of potential is abrupt change in membrane potential, therefore referred to as
spike or action potential.

A typical neuron contains three components: cell body, dendrites and an axon. Neurons capture
the stimulus from its surroundings through dendrites, process the information in cell body
and transmit the processed signal through axon to other neurons. The signal processing in
biological neurons takes place by different ion channels and neurotransmitters. The type of
ion channel and neurotransmitter determines the nature of information to be processed [25].
Before a neuron is fired, the concept of threshold is important to understand. The threshold of
neuron is the potential barrier that the input current must hold to cross the potential barrier.
In other words, threshold is the potential barrier that an ion must hold to cross the neural
membrane. Once the ions can cross the neural membrane, the spike is generated that can
propagate through an axon.

The firing of neuron not only depends upon threshold, but also on the frequency and amplitude
of stimulus. In biological neurons whenever frequency of input current is below the resonance
frequency of neuron, determined by time constant of neuron, spike is not initiated. Such
neurons are referred to as resonators and are important during natural language processing.
The spiking neuron model appropriately balance biological reality with computational feasibility,
whereby the respective advantages of integration and resonance mechanism that can be fully
utilized when processing temporal signals [26]. A significant distinction between integrator
and resonator neurons lies in their sub-threshold dynamics in response to spike stimuli. The two
neurons are activated in quite different ways, having discriminating spike temporal preferences.
Neurons are intensity-sensitive and likely to be activated by spikes with shorter intervals, as well
as timing-sensitive with spikes separated by intervals around its refractory period [27].

2.1.1 Membrane

Neural membrane is composed of phosphoric and fatty acid with voltage sensitive gates in-
tegrated in it. The purpose of these gates is to allow the ion transportation under certain
conditions. These voltage sensitive gates are also referred to as ion channels. Neural mem-
brane keeps the neuron intact with sodium, calcium, potassium and chloride ions which are
responsible for generation of nerve impulse. Neural membrane is semi-permeable for these ions
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and allows the transportation of ions under certain potential. Depending upon the value of
stimulus, a potential difference across neural membrane is created. If the potential difference
approaches the threshold potential of ion channels, a nerve impulse is initiated that travels
along axon to trigger the other neurons [28].

Initially, the membrane potential of neuron remains at -80 millivolts, termed as resting mem-
brane potential. Due to transportation of leakage ions, resting potential fluctuates slightly
between -80 millivolts to -60 millivolts. Whenever external stimulus approaches the neural
membrane, resting potential tends to increase towards the threshold potential -40 millivolts. If
resting potential is increased to approach threshold, a spike of potential is fired. This spike of
potential is called nerve impulse.

2.1.2 Axon

Axon contains narrow and long micro tubules which transmit the ions and neurotransmitters.
Under resting condition, fluid inside these micro tubules remains static. Whenever, nerve im-
pulse is generated, due to electrostatic interactions, fluid inside micro tubules travels according
to the type of electrostatic force. Therefore, the purpose of axon is to transport information
in the form of neurotransmitters to the target neuron, also referred as postsynaptic neuron
[29].

2.1.3 Threshold

The minimum membrane potential change that causes neuron fire is called threshold. A
typical neuron contains four types of ions: sodium, potassium, calcium and chloride ions. The
first three ions are positively charged while the fourth is negatively charged. Inside neuron
potassium ions are bounded by negatively charged protein. Outside neural membrane sodium
and calcium ions are in higher concentration. This constitutes an electro-chemical equilibrium
across the neural membrane. Whenever, stimulation current approaches the neural membrane,
depending upon positive ion concentration outside the cell creates a potential barrier. This
potential barrier is referred to as a threshold. The strength of threshold varies depending upon
the extracellular and intracellular ionic concentration [30]. Therefore, in biological neurons,
no hard limit of threshold can be defined. However, for simplicity we assume the average value
of threshold when a large number of neural firing recorded.

2.1.4 Dendrite

The cell body of neuron contains large number of fibers called dendrites. The dendrites of a
typical neuron range from 1,000 to 10,000 depending upon its activity. A neuron with larger
synaptic plasticity contains a greater number of dendrites. The purpose of dendrites is the
formation of neural network when information is provided in the form of electrical potential.
The point of contact between two neurons where dendrites meet is called synapse. Whenever,
a neuron is activated, it transmits its information to other neurons through these synapses [31].
Depending upon types of synapses, neurons can be excitatory or inhibitory. If synapse increases
the activation of target neuron, it is referred as excitatory neuron and vice versa.

Action Potential

The waveform of electric potential along axon due to activation of neural membrane is called
action potential (AP). The membrane potential is generated by the interactions of sodium and
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potassium ions across the neural membrane [32]. Neuron models are important due to two
aspects (activation function and simulation) with respect to their vast applications in the field
of medical and engineering. Simulations of different parts of brain in real time as in various
simulators used in field of medical technology as well as in the field of engineering such as
neural networks, deep learning, and recognition involves the neuron models [33]. Nature
of problem and accuracy of results defines the neuronal model to be used. In engineering
problems, we need neuron models for training networks and finding the values of target
variables under certain conditions while in medical field neuron models are used to study
the behavior of neuronal systems under certain conditions defined by the medicines injected.
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Figure 2.1 Action potential of neuron due to activation of ion channels.

Neurons are the excitable cells that can receive a brief input pulse and produce an amplified
signal of action potential as depicted in Figure 2.1. The electrical activity of neurons is based
upon four types of ions sodium (Na*!), potassium (K*!), calcium (Ca*?) and chloride (Cl™1).
The extracellular medium contains high concentration of sodium and chloride ions while intra-
cellular contains high concentration of potassium and negatively charged protein molecules.
These protein molecules are the receptors of voltage (voltage activated gates) and can be
activated by a certain voltage level thus are called ion channels. They allow certain type of
ions to flow across the membrane at potential called activation potential and stops the flow
at another particular potential called inactivation potential [34]. For example, the protein
molecules that allow sodium to cross the membrane are called sodium channels activate at
-30mV and inactivate at 40mV. The dynamics of ion channels can be expressed mathematically

as:
dn

T (1 -n)a, —npPn (2.1)
Where n is ion channel gating parameter. The parameters «, and 3, can be defined as:
10-V
ap = 0.01100— (2.2)
exp(% -1
-V
Bn = O.125exp(8—0) (2.3)
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Figure 2.2 Phase portrait of gating parameter n against membrane potential V.

The phase portrait of gating parameter against membrane potential is plotted in Figure 2.2.
Initially, when neuron is in a resting state, only leakage ions are capable of transportation
across the membrane. Under resting state, all inward ionic currents that causes membrane
depolarize, is balanced by the outward ionic currents that hyper-polarize the neural membrane
[35]. This causes small perturbations of potential across membrane which are shown by the
smaller circles in Figure 2.2. This state of the neuron is referred to as equilibrium or quiescent
or stable state. Whenever, a strong stimulation current approaches the neural membrane, the
stability of neural membrane shifts towards positive direction. This increases the activity of
gating parameter n and more ions transported across the membrane [36]. As a result, a spike
of potential is generated that travels across the axon to the postsynaptic neurons.
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Figure 2.3 Action potential generated by Hodgkin and Huxley model.

In the middle of twentieth century, the most comprehensive neuron model was developed by
Andrew Hodgkin and Alan Huxley known as Hodgkin and Huxley model (HH model). This
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model is considered as standard in the field of computational neuroscience [37]. HH model
defines the neuron as:

> Differentiator with certain values of resistance and capacitance

> Voltage regulated gates called ion channels with activation at certain voltage levels
> Thresholds at which neuron get fire

> Obeys the differential equation with linear terms involving % and v.

> An amplifier

Mathematically, nerve impulse generation can be approximated by Hodgkin and Huxley model
as:

av 1

= Sl — gna(E ~ Exo) — gu(E— Ex) ~ g(E — Ey)] 24)
Where V is membrane potential, ¢ is instant of time, C is membrane capacitance, I is input
synaptic current, gy, is conductance of sodium ion channels, gi is conductance of potassium
ion channels, g is conductance of leakage ion channels, Ey, is potential of sodium ion channels,
Ey is potential of potassium ion channels, E; is potential of leakage ion channels [38]. The

waveform of action potential generated by HH model is manipulated in Figure 2.3.

HH model equation is a nonlinear differential equation with gating parameters which makes the
equation very complex to solve it analytically, moreover numerical solutions are computationally
very complex even for simulating few neurons we require super-computing and cannot be
translated on hardware in the form of circuit.

Synaptic Transmission

Neural information is the most complicated and sophisticated entity in the study of information
processing mechanism of the brain. The synaptic transmission of neuron depends upon
governing ion channels, neurotransmitters and adrenergic receptors. In static condition, neural
membrane offers high resistance and acts as capacitor to store electric charge. Whenever
a stimulus approaches neural membrane, inward movement of sodium ion increases the
membrane potential towards positive side of action potential. This increase in potential reaches
its apex at 40 millivolts. At this point potassium channels are open. As a result, outward
flow of potassium drops the membrane potential towards negative side of action potential.
Thus, is transportation of sodium and potassium ions are responsible for the generation and
propagation of synaptic transmission in the form of action potential through axon [39].

Neural Networks

Artificial neural networks (ANNs) have made great progress in the past decade or so. They have
shown excellent results in information processing of various modalities and even exceeded the
accuracy of human recognition in some fields. However, since the high-precision model of the
ANN model needs to be obtained at the cost of high energy consumption, its deployment on
edge devices has been greatly hindered. Spiking neural networks (SNNs) are neural networks
inspired by biological neurons. Compared with traditional artificial neural networks, they can
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provide lower energy consumption and faster inference speed on neuromorphic hardware. SNN
obtains information by transmitting spikes through synaptic connections between neurons.
The membrane potential information is stored inside a single neuron. When the membrane
potential accumulates to a threshold, it sends spikes to the lower-layer neurons and resets them.
Since the spike of a neuron can only have two states: firing or not, this binary information
has more advantages in energy consumption and can be inferred quickly on neuromorphic
hardware [40].

In fact, unlike ANN, which can update the weight information of the model through gradient
backpropagation to train the neural network, SNN is affected by signal discontinuity and
non-differentiable spikes, which makes training an SNN model relatively difficult. Currently,
the mainstream methods of obtaining a trained SNN model mainly use the surrogate gradient
method and the synaptic plasticity method to directly train the SNN model, or by converting a
trained ANN model into an SNN model. The common disadvantage of these two methods of
directly training SNN models is that there is a large overhead in computational complexity
and training time during training [41]. The SNN model obtained in this way usually relies
on extremely long inference time steps to match the accuracy of the source ANN model. In
this method, there is a trade-off between inference time step and accuracy, and in order to
achieve high accuracy, extremely long inference time will still affect the practical application
of SNN. After that, the proposal of normalization factors, threshold balancing and other
methods greatly improved the accuracy of SNN models at low time steps. At the same time,
considering the various sources of conversion errors in ANN-to-SNN, better results are also
obtained by modifying the source ANN model activation values and then performing conversion.
However, the problem of SNN inference latency caused by longer time steps still exists, and the
performance gap with ANN still needs to be solved [42].

Therefore, this work proposes an event-driven method based on adaptive threshold potential.
This method regards the single release of the neuron at a certain time stamp of the spiking
neural network for the special event and relies on this event to end the inference towards
final prediction. In this way, the redundancy of time step in the traditional method of judging
based on the average firing rate in the total time step is reduced, and the inference time step is
shortened.

Neural Computation

Neural computation in the brain takes place with propagation of nerve impulses. A simplified
form of neuron model is integrated and fire model. It follows differentiator property, thresholds
and linearity of % and v makes it possible to design circuit as hardware, however there is no
information of ion channels and amplification. As a result, model is not capable of producing
enriched features of neuron. FitzHugh-Nagumo (FHN) model is good approximation of Hodgkin
and Huxley model containing tunnel diode as threshold. However, it violates the basic property
of neuron equation, the linearity in terms of % and v, rather it possesses v>. The Izhikevich
model is the reduction of FHN model near the bifurcation and contains the term v? instead
of v. Hence, these models are good in terms of producing firing patterns of neuron as well as
enriched behaviors but theoretically, there exists gap to be covered as proposed in Hodgkin
and Huxley model [43].

A good simplified neuron model can be obtained by combining few properties of each model.




2 Literature Review 2.6 Summary

For example, we can pick the resistance capacitance property from integrate and fire model,
diode from FHN model and computational simplicity from Izhikevich model. Of course,
such a model would be the most convenient in terms of theoretical background as well as
computational efficiency. Izhikevich model, being one of the most important qualitative models,
is efficient to replicate almost all neurocomputational features of spiking neurons in response
to constant input current. This model is simple in terms of mathematical formulation and
can be extended at large scale brain neural network level. Although, Izhikevich model is
computationally efficient (exhibit almost all known neurocomputational features with fewer
parameters), yet it is poor predictor of spike timing in the presence of correlated noise (time
varying stimulus) as observed in biological neural network of brain. To understand the animal
behavior extracted from a computational model, we need to extend the model at different brain
regions in the presence of neural correlated noise. Unfortunately, this feature is not explicitly
available in Izhikevich model that can perform homogeneous intra-regional and heterogeneous
inter-regional simulation of brain in time varying input current environment [44]. Thus, the
focus of this study includes the large-scale simulation of brain neural network by time varying
stimulus, covering the different brain regions simultaneously.

The recent advancements in computational algorithms and specialized hardware designed to
simulate the large-scale models of brain are gaining attention of neuroscience community. Such
advancements include large-scale brain simulators like NEST, NEURON, Brain2, The Virtual
Brain etc. These simulators are based upon realistic neural networks, however, support only a
handful population of neurons. The synaptic connection hierarchy and memory limitations to
store the neural data of current and previous synapse, for next iteration are the main challenges
to be resolved. On the other hand hardware architecture includes GPU, FPGA and neuromorphic
chips like SpiNNaker are specialized for fast neural computations, however, functionality of
each processor independently require synchronization challenges of the synaptic data.

The neurocomputational features of neuron and behavior is very important in case of decision
making phenomenon, as there is small fraction of neurons responsible for decision making
observed in basal ganglia. Yet, their behavior cannot be ignored in the presence of one million
firings of cortical neurons versus one firing of basal ganglion cell. Unfortunately, such models are
not explicitly available that can illustrate the different regions of the brain and communication
between them simultaneously. Hence, modifications in existing models can reproduce the
neurocomputational features of different brain regions.

Summary

In this chapter basic properties of neuron and framework of building large-scale neural network
is provided. A typical neuron is made up of semipermeable membrane that can transport
certain ions all the time. These ions are called leakage ions. Leakage ions are responsible for
sub-threshold oscillations. Under resting state, intracellular fluid contains potassium ions and
extracellular fluid contains sodium ions in high concentration. The ion channels that keep
these ions intact are sodium channels and potassium channels. These channels are made
up of protein molecules carrying negative charge of strength -2. The strength of the major
ions that are responsible for action potential, can be manipulated as sodium ions (Na*!),
potassium ions (K*!), chloride ions (CI~!) and calcium ions (Ca*?). These ions remain either
in intracellular fluid or extracellular fluid depending upon the potential of neural membrane.
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Once the potential of neural membrane is disturbed by external stimulus, transportation of
ions takes place across membrane.

& KEY TAKEAWAYS

> A neuron fires when stimulation lifts its membrane potential from rest across the
threshold set by its ion channels.

> The Hodgkin-Huxley model is the reference standard, but its non-linear gating
equations are far too costly for networks of billions of cells.

> Spiking neural networks transmit binary events, which saves energy, but they are
harder to train than conventional ANNs.

> The Izhikevich model reproduces most firing patterns cheaply but predicts spike
timing poorly under time-varying, noisy input. That is the gap this thesis addresses.



CHAPTER 03

Méthodology

All models are wrong, but some are useful.

— George E. P. Box
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3 Methodology 3.1 Hybrid Excitable Cell Model

In this chapter we review the neurocomputational features of cortical neurons and build the
generalized model of spiking excitable cells. The governing procedure is inspired by biological
neurons by integrating the detailed computational models. In past decades, conductance-based
models and computational models were distinguished by their accuracy and complexity of
implementation. However, in this chapter we tried to bridge the gaps between conductance-
based models and computational models.

Hybrid Excitable Cell Model

The electrical response of excitable cells is predicted by the spikes generated inside the cell
membrane that propagates through axons to other cells. In current study our focus is limited
to neurons and cardiac myocytes. The neural response of neuron is denoted by Vy and cardiac
myocyte by Vc.
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—-| Input Synaptic Current Input Synaptic Current |-—

Excitatory Find membrane potential Find membrane potential

Inhibitory

No Ve > Vi Yes Vi > Vi No

f N
/ Update threshold \
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S P o B
\I/ W | Reset parameters | —| Reset parameters |

Sympathetic a-adrenergic
Parasympathetic B-adrenergic

Increase time step | | Increase time step l—

Figure 3.1 Functional hierarchy of brain-heart interactions: (a) Communication between brain (excita-
tory and inhibitory neurons) and heart (« and -adrenergic receptors) by the autonomic
nervous system (sympathetic and parasympathetic). (b) Communication between neuron
and cardiac myocyte by electrical spikes.

The functional hierarchy of proposed model to describe the brain-heart interface is illustrated
in Figure 3.1. Figure 3.1(a) elucidates the interaction between the brain and heart via the
autonomic nervous system (ANS). The two-way arrow represents a bidirectional communication
signal, sharing information between organs. In the brain, two variants of neuron, excitatory
and inhibitory were simulated, while for ANS sympathetic and parasympathetic neurons
were simulated, and finally, in the heart, a-adrenergic and -adrenergic receptors (variants
of adrenaline and nor-adrenaline hormones) dependent cells were simulated. Figure 3.1b
depicts the interaction between neuron and cardiac myocyte by action potential pulses Vy
and V¢ respectively. Whenever cardiac myocyte fires action potential V¢, depending upon
firing frequency (tachycardia or bradycardia), a-adrenergic or B-adrenergic receptors are
activated which are associated with hormonal variants of adrenaline and nor-adrenaline. These
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receptors fire neurons in ANS and feedback current is communicated to the brain. Thus, control
signals are generated by the brain and ANS to control the heart rate via a-adrenergic and
p-adrenergic receptors. The hybrid nature of excitable cell comes from the fact that model
can reproduce the firing patterns of excitable cells. The important aspect of excitable cells
is threshold variability. Unlike the Izhikevich model, excitable cells hold variable thresholds.
Moreover, neurotransmitters and adrenergic receptors play a vital role in spike generation. The
membrane potential generated by hybrid excitable cell model in response to the input current
I can be expressed as:

w =k(v=V,)f(v—=Vi) —u+RI 3.1

Where t is membrane time constant (product of membrane resistance and capacitance) t = RC,
v is membrane potential with initial condition v(0) = V,, V, is resting membrane potential,
represents first order derivative with respect to time, k is constant to control the strength of
slope of membrane potential, f is firing parameter to control the frequency of firing of excitable
cell, v;;, is threshold potential, u is membrane potential recovery parameter after spike is fired,
R is membrane resistance and I is input synaptic current. The membrane potential recovery
parameter u can be defined as:

T = a(bv —u) (3.2)

Where a and b are constants that define the slope of membrane potential recovery parameter u
towards positive and negative sides of threshold respectively. The initial condition of membrane
potential recovery parameter is u(0) = d, called the step size of u towards membrane recovery
potential. The waveform of membrane potential v is depicted in Figure 3.2 by blue solid
line, while membrane potential recovery parameter u is manipulated by red solid line. It is
clear from Figure 3.2 that every time when spike is generated, membrane potential recovery
parameter u also generates spike, that gradually decay depending upon the values of a and b.
The value of u is feedback negatively to membrane potential v to reset its value after spike is
fired as illustrated in Equations 3.1 and 3.2.
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Figure 3.2 Relation between membrane potential v (blue) and membrane potential recovery parameter
u (red).

The effect of neurotransmitters and adrenergic receptors on synaptic current can be expressed
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as:
I = & (v = Vy)el 70/t (3.3)

The description of parameters in Equation 3.3 is: 1
v = Membrane potential

V, = Gating potential

Zx = Mean gating conductance

ts = Index of most recent spike

T, = Neurotransmitter and hormonal time constant

The numerical values of parameters g, and V, are assumed stationary in current study for
simplicity purpose, however, the values of these parameters are time varying in neural systems.
Readers interested to find details of these parameters are encouraged to consult [45]. The
after-spike reset values of membrane potential are:

vV, Vit
If v >Vy; then v={" 3.4
V., V(t+1)

Vip = Aels~0/T _ g (3.5)
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Figure 3.3 Membrane potential simulated by hybrid excitable cell model (blue), threshold (black),
and input synaptic current (red).

To find the membrane potential, by implementing Equations 3.1, 3.2, 3.3, 3.4 and 3.5, Euler
method is utilized (Algorithm 1). The mathematical form of forward Euler method can be
expressed as:

v(k+1) =v(k) + hv' (k) (3.6)

Parameters in Equation 3.6 can be manipulated as:

v(k + 1) = Membrane potential for current iteration

v(k) = Membrane potential of previous iteration

h = Step size in time domain for milli second resolution

v (k) = First order derivative of membrane potential with respect to time

The waveform of membrane potential is plotted in Figure 3.3 by blue solid line. The input
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Algorithm 1: Hybrid Excitable Cell (HEC) model
Input: a, b, d, k, f, Vp, Vi, Vip, T, R, I
Output: v

1 Initialize parameters

2 fork <ndo

3 | v (k) =1/t(k(v(k) = V;) f(v(k) = Vin) = u(k) + RI(k))

u' (k) = 1/7(a(bu(k) —u(k))

v(ik+1) =v(k) + hv (k)

u(k +1) = u(k) + hu' (k)

if v(k) > Vi, then

v(k) =V,
vik+1)=V,

10 u(k+1) =u(k)+d

11 update Vi,

O 0 N O U b

12 Plot results v

synaptic current is plotted by red solid line and threshold function is plotted by black broken
line. Whenever, membrane potential touches the black broken line, a spike of action poten-
tial is generated as depicted in Figure 3.3. Readers interested to find the details of model
implementation and a detailed description of parameters can consult [46]. It should be noted
that for simplicity details of dendrites and multi-compartmental morphology of neuron is
ignored. Moreover, time dependent synaptic plasticity of model is incorporated in adaptive
threshold that fires the next iteration neuron depending upon the time information of previous
spike.

Neurocomputational Features

Neurocomputational properties of neurons are based upon the patterns of firing according
to the input current. In general, neural firing is of two types, spiking and bursting. However,
depending upon neurotransmitter nature and adrenergic features, neural responses are listed in
Table 3.1 with corresponding parameter values for simulation. The parameters were considered
from Izhikevich model and fine tuning carried empirically to match the electrophysiological
behavior of neurons.

3.2.1 Regular Spiking

Regular spiking neurons are commonly located in cortex. This type of neurons fire spikes of
regular periods under the application of steady state current as depicted in Figure 3.4. The
typical values of model parameters for regular spiking neuron are: membrane capacitance
C=100; resting membrane potential V,=-60; sensitivity parameter k=0.7; time scale of re-
covery parameter a=0.03; sensitivity of recovery parameter b=-1.5; after spike reset value of
membrane potential c=-50; after spike reset value of recovery parameter d =100; peak value
of spike Vpeqx =35 [47]. The neural activity of regular spiking neurons is illustrated in Figure
3.4.
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Table 3.1 Values of model parameters for simulation of neurocomputational features of neurons.

Neurocomputational Features a b V. d
Regular Spiking 0.03 -1.5 -50 100
Fast Spiking 0.1 -2 -50 100
Class-I 0.01 -0.01 -55 10
Class-1I 0.02 0.26 -65 0.1
Intrinsic Induced Bursting -0.02 -1 -45 2
Intrinsic Induced Spiking -0.02 -1 -60 8
Mixed Mode 0.02 0.1 -55 3.5
Phasic Spiking 0.02 0.20 -65 6
Phasic Bursting -0.02 -2 -55 1
Resonator 0.10 0.26 -60 -1
Tonic Bursting 0.02 0.20 -50 2
Tonic Spiking 0.02 0.25 -65 6
Spike Frequency Adaptation 0.01 0.25 -65 8
Spike Latency 0.02 0.20 -65 6
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Figure 3.4 Regular Spiking neuron in response of constant steady state current.

3.2.2 Fast Spiking

Fast spiking neurons are similar to regular spiking neurons except for the fast-firing frequency.
The time scale of recovery parameter a of fast spiking is of much higher value than regular
spiking [48]. The typical values of model parameters for fast spiking neurons are depicted in
Table 3.1 and corresponding neural activity is delineated in Figure 3.5. Fast spiking neurons
generate high frequency action potential pulses with fast membrane recovery potential. This
feature makes fast spiking neurons more precise and accurate towards inhibition and excitation.

3.2.3 Class-I Excitability

Class-I excitable neurons are weakly coupled with stimulation. Any change in stimulation
alters the neural response insignificantly. In general, Class-I excitable cells are independent
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Figure 3.5 Fast Spiking neurons fire spikes of high frequency in response of steady state constant
current.
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Figure 3.6 Class-I excitability of neural activity is independent of variations in input current.

from the nature of input current. This characteristic makes Class-I excitable cells unique for
information processing mechanism [49]. The typical values of model parameters for Class-I
excitable neurons are depicted in Table 3.1 and corresponding neural response is manipulated
in Figure 3.6.

3.2.4 Class-Il Excitability

Class-II excitable neurons are strongly coupled with stimulation. Any change in stimulation
alters the neural response significantly. In general, Class-II excitable cells are good predictors
of input current. This characteristic makes Class-II excitable cells unique for recognition and
classification of input current. The typical values of model parameters for Class-II excitable
neurons are listed in Table 3.1 and corresponding neural response is depicted in Figure 3.7.
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Figure 3.7 Class-II excitability of neural activity depends upon input current and can be implemented
for prediction of type of input current.
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Figure 3.8 Intrinsic Induced Bursting

3.2.5 Intrinsic Induced Bursting

Bursting is an important neurocomputational feature of neurons. In this type of neural activity,
very closely spaced spikes are fired followed by a short inhibition interval. Bursting mode
of neurons is the fast-paced information processing mode [50]. The typical values of model
parameters for intrinsic induced bursting neurons are listed in Table 3.1 and corresponding
neural response is depicted in Figure 3.8.
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Figure 3.9 Intrinsic Induced Spiking

3.2.6 Intrinsic Induced Spiking

Intrinsic induced spiking mode of neurons is inhibitory mode of neural activity. Unlike fast
spiking neurons with are excitatory, intrinsic induced spiking neurons suppress the successor
neural activity [51]. The typical values of model parameters for intrinsic induced spiking
neurons are listed in Table 3.1 and corresponding neural response is depicted in Figure 3.9.
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Figure 3.10 Mixed mode

3.2.7 Mixed Mode

An important feature of neural activity is mixed mode. In this type of neural response, neuron
fires bursts of spikes followed by a combination of regular spiking and fast spiking alternative
mode [52]. The typical values of model parameters for intrinsic induced spiking neurons are
listed in Table 3.1 and corresponding neural response is depicted in Figure 3.10.
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Figure 3.11 Phasic spiking

3.2.8 Phasic Spiking

Phasic spiking neuron starts neural activity from fast spiking followed by regular spiking. The
initial fast spiking mode of neural activity is due to threshold variability and negative value
of time scale recovery parameter of membrane potential [53]. The typical values of model
parameters for phasic spiking neurons are listed in Table 3.1 and corresponding neural response
is depicted in Figure 3.11.
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Figure 3.12 Phasic bursting neuron fires burst of action potential initially followed by regular spiking.

3.2.9 Phasic Bursting

Phasic bursting neuron fires burst of spikes at beginning of neural activity followed by regular
spiking. The main reason for initial burst firing is the sensitivity of neuron towards intrinsic
potential. From basic circuit theory, we know that neuron is differentiator [54]. Any abrupt
change in input current causes a significant change in output response. Due to leakage ions
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transportation across neural membrane, a leakage ion potential is developed across membrane.
This potential combines with the stimulation current and causes one time burst when neuron
is activated. The typical values of model parameters for phasic bursting neurons are listed in
Table 3.1 and corresponding neural response is depicted in Figure 3.12.
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Figure 3.13 Resonator neuron is activated if the frequency of stimulation is matched with firing
frequency of neuron.

3.2.10 Resonator

Resonator is the most important mode of neural activity. This mode is related to the frequency
of stimulation. In this mode of neural activity, time interval between input current pulses is
monitored. If the frequency of stimulation is greater than the firing frequency of neuron, a
neural response is initiated. Unlike regular spiking and fast spiking mode of neural activity,
resonator is related to the frequency of input current pulses [55]. Whenever input current
pulses are closely packed in time domain, the pulses responses are added up and a strong
stimulation is generated. This strong stimulation makes the neuron fired depending upon the
frequency of stimulation. The typical values of model parameters for resonator neurons are
listed in Table 3.1 and corresponding neural response is depicted in Figure 3.13.

3.2.11 Tonic Bursting

Tonic bursting neuron fires bursts of spikes regularly spaced from each other. The main reason
for burst firing is the sensitivity of neuron towards intrinsic potential. From basic circuit theory,
we know that neuron is differentiator. Any abrupt change in input current causes a significant
change in output response. Due to leakage ions transportation across neural membrane, a
leakage ion potential is developed across membrane [56]. This potential combines with the
stimulation current and causes one time burst when neuron is activated. The typical values of
model parameters for tonic bursting neurons are listed in Table 3.1 and corresponding neural
response is depicted in Figure 3.14.

3.2.12 Tonic Spiking

Tonic spiking neuron starts neural activity from fast spiking followed by regular spiking. The
initial fast spiking mode of neural activity is due to threshold variability and negative value of
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Figure 3.14 Tonic bursting

time scale recovery parameter of membrane potential. The typical values of model parameters
for tonic spiking neurons are listed in Table 3.1 and corresponding neural response is depicted
in Figure 3.15.
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Figure 3.15 Tonic spiking

3.2.13 Spike Frequency Adaptation

Spike frequency adaptation is like tonic spiking mode. The main difference in tonic spiking
and spike frequency adaptation is absence of initial fast spiking mode. The spike frequency
adaptation neuron starts neural activity from slow spiking mode followed by regular spiking
mode with equal intervals of time. The initial fast spiking mode of neural activity is due to dif-
ferentiator nature of neuron and negative value of time scale recovery parameter of membrane
potential [57]. The typical values of model parameters for spike frequency adaptation neurons
are listed in Table 3.1 and corresponding neural response is depicted in Figure 3.16.
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Figure 3.16 Spike Frequency Adaptation
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Figure 3.17 Spike Latency neuron resonates after firing spike.

3.2.14 Spike Latency

Spike latency mode of neural firing is like resonator. In spike latency, duty cycle of stimulus
plays a vital role. Latency of output impulse depends upon the spread of pulse appearing
as input to neuron. Spike latency mode may be positive or negative edge triggered, or level
sensitive edge triggered, or edge sensitive level triggered [58]. In particular example provided
in Figure 3.17, spike latency neuron is positive edge sensitive, and level triggered due to
positive slope of differentiator mode. The typical values of model parameters for spike latency
neurons are listed in Table 3.1 and corresponding neural response is depicted in Figure 3.17.
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Figure 3.18 Spikes of dataset of single trial containing matrix of size (2191x217) with 2191 neurons
and 217 time bins.

Experimental Settings and Dataset

Dataset contains the electrophysiological recordings of 2191 neurons from mouse visual cortex
area. The neurons have been stimulated by optically generated photo-current as input and
corresponding response is recorded [59]. The electrophysiological recordings of mouse brain
under the action of predefined set of stimuli contain 2191 neurons, 217-time steps and process
is repeated for 14 times. The dataset obtained in this way contains three-dimensional matrix
with dimensions N X T X TB.

First dimension N represents number of neurons = 2191 Neurons

Second dimension T represents number of trials = 14 Trials

Third dimension TB represents time bins = 217 Time-bins

Therefore, three-dimensional matrix takes the form 2191 x 14 x 217 with total 6,656,258
entries. To store data in MATLAB variable for processing, each entry requires 64 bits or 8 bytes.
Thus, to store the mouse data in memory, we require about 53.3 megabytes of memory. For
displaying dataset, we analyzed each entry in time domain to reconstruct spikes from neural
ensembles as depicted in Figure 3.18. The vertical lines in Figure 3.18 represents the spike
generated by neuron.




3 Methodology 3.4 Baseline Approaches

Baseline Approaches

For comparison, we assume spike generation models of the same category, leaky integrate and
fire neuron. The variants of leaky integrate and fire neuron include generalized leaky integrate
and fire model, multi-scale adaptive threshold model and quadratic integrate and fire model.
A brief description of each model is presented below.

3.4.1 Generalized Leaky Integrate and Fire (GLIF) Model

This model contains the set of linear differential equations to estimate the membrane potential.
The linearity of model equations and simplicity of computational dependencies of parameters,
are key features to extend the model for large scale brain simulation. The membrane potential
of GLIF model depends upon the strength of depolarization potential. The dendrites of neuron
are assumed in the form of capacitive coupled resistance. This enables us to recognize the GLIF
neuron as differentiator. In resting state, large amount of sodium ions is located outside the
cell membrane with little concentration of calcium ions. The electrostatic force of repulsion
between positively charged sodium and calcium ions constructs a potential barrier [60]. To
overcome this potential barrier, a stronger stimulation current is required to depolarize the
membrane. The chemical interactions of neuron in terms of potential can be expressed by the
depolarization potential V4.,. When a brief and strong enough rheobase current, capable of
generating a potential greater than potential barrier of neuron established by sodium ions,
approaches the dendrites of neuron, protein molecules are dispersed. This dispersion of protein
molecules creates enough room for sodium ions to rush into the neuron. As a result, membrane
potential rises in positive direction. The protein molecules that provided the path to enter the
sodium ions inside the cell are referred to as sodium channels. The membrane potential v
in terms of depolarization potential established by sodium ions, calcium ions and negatively
charged protein molecules, can be expressed as:

/ 1 Cp

v = a(a(v - Vdep) - Vadap) + IR (37)

The description of parameters in Equation 3.7 is, as follows:

Cn, = membrane capacitance

R = membrane resistance

T, = membrane time constant

Tm = RCp,

I = strong stimulation current that can cause membrane depolarization

Vadap = adaptation potential due to electrostatic interactions between positively charged ions
and negatively charged protein molecules.

The adaptation potential V444, comes into action due to the recovery of membrane potential
after spike is initiated. When sodium ions rush into neuron, potential increases in positive
direction. This causes the potassium channels to release the potassium ions from inside the cell
outside due to electrostatic force of repulsion developed between sodium and potassium ions.
The opening of potassium channels re-polarizes the membrane. This potential that re-polarizes
the membrane is V44, and is expressed as:

V:zdap = k](l} - Vdep) - kZVadap (38)

Where k; and ko described in Equation 3.8 are depolarization and adaptation constants
respectively, to be determined by the time constant of sodium and potassium channels.
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Figure 3.19 Generalized Leaky Integrate and Fire Model

The spike generation of GLIF model is illustrated in Figure 3.19 where input current is delineated
by red and corresponding neural response is plotted in blue. From Figure 3.19, it is clear
that threshold of neuron is constant. This property of GLIF model makes it static in terms of
threshold variability.

3.4.2 Multi-scale Adaptive Threshold (MAT) Model

The key feature of MAT model is adaptive threshold function which makes the model more
accurate than GLIF model in terms of spike time predictions. MAT model assumes three types
of ions at resting state.
i. Sodium ions located outside the cell membrane
ii. Potassium ions reside inside the cell membrane
iii. Leakage ions that can propagate through cell membrane without any barrier all the time
The potential due to leakage ions is denoted by E;. In MAT model, leakage ions are responsible
for building the potential barrier that can perform transportation across the neural membrane.
When positive stimulation current approaches the neural membrane, transportation of leakage
ions across membrane is disturbed. This causes the sodium ions to be more sensitive to input
current. The repulsive force between input current and sodium ions tends to open the sodium
channels by providing enough room to rush inside the cell. The membrane potential v generated
by MAT model can be expressed as:

v o= i(u —E)+ 1, (3.9

m Cm

The description of parameters in Equation 3.9 is, as follows:
Cm = Membrane capacitance
T, = Membrane time constant
Tm = RCp,
R = Membrane resistance
I = Stimulation current that can cause membrane depolarization
The opening and closing of sodium channels is nonlinear in nature. Therefore, the free path
available for sodium ions to cross the sodium channels is not constant. As a result, potential
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barrier undergoes variations in potential. This causes a variable potential barrier for the next
spike. The variable potential barrier is referred as adaptive threshold expressed in Equation
3.10 as:

t
Vin :ZH(t—tk) +ﬂ/ K(s)v'(t —s)ds + w (3.10)
A —00
H(t —tx) = Exponential function of adaptive threshold shifted at t;
H(t) = (a1e” ™ + age”™2)h(t) (3.11)

Where parameters in Equation 3.11 can be depicted as:
a1 = Amplitude of potential generated by sodium ions
as = Amplitude of potential generated by potassium ions
171 = Time constant of sodium channels

To = Time constant of potassium channels

h(t) = Unit step function

e = Base of natural logarithm

B = Maximum amplitude of potential barrier

s = Time index of most recent spike fired

K(s) = Function describing the ion channel dynamics

K(s) = se”*/™h(s) (3.12)

w = Weight vector describing the strength of input current as manipulated in Equation 3.12.
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Figure 3.20 Multi-scale Adaptive Threshold Model

The action potential generated by MAT model is depicted in Figure 3.20, where red traces
represent input current and blue elucidates corresponding response. Unlike GLIF model,
hyperpolarization phase of MAT model is more significant due to adaptive threshold function.
Each time spike is generated by MAT model, threshold potential is changed for next spike due
to exponential nature of threshold.
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3.4.3 Quadratic Integrate and Fire (QIF) Model

This model contains set of nonlinear differential equations with constant threshold function.
The key feature of the model is the membrane recovery parameter u that controls the membrane
potential after each spike is fired. QIF model assumes two types of ion channels:

i. Intracellular ion channels that allow the inward movement of sodium ions

ii. Extracellular ion channels that allow outward movement of potassium ions

Besides intracellular and extracellular ion channels, QIF assumes a membrane recovery param-
eter that acts after each spike is fired. Under resting state, QIF neuron remain quiescent. When
a brief but strong synaptic input current approaches dendrites of QIF neuron, a composite
stimulation current is generated. This causes the membrane to depolarize, and sodium chan-
nels are opened. As a result, sodium ions move into the cell causing an increase in membrane
potential. The increase in membrane potential is controlled by membrane recovery parameter
denoted by u. Therefore, membrane potential v generated by QIF model by synaptic current I
and recovery parameter u, can be expressed in Equation 3.13 as:

v =0.040% + 50+ 140 —u + I (3.13)

It should be noted that QIF model is inspired by curve fitting technique. Therefore, by defining
parameters we end up with constants coefficients of v?> and v. The membrane recovery
parameter is negative feedback in nature due to the fact that it controls the growth of increasing
membrane potential. When neuron fires a spike of action potential, recovery parameter
generates similar scaled spike and subtracted from membrane potential. This causes the
membrane potential to reach the hyperpolarization phase. The recovery parameter can be
depicted by Equation 3.14 in terms of membrane potential as:

u =a(bv—u) (3.19)

u = membrane recovery parameter after spike is initiated

a = time constant of membrane recovery parameter for intracellular interactions with ion
channels

b = time constant of membrane recovery parameter for extracellular interactions with ion
channels

Due to intracellular and extracellular interactions of ion channels, membrane potential abruptly
fluctuates between positive and negative values. Therefore, after spike reset potential is defined
as:

V, Vt

V., V(t+1)

The action potential generated by QIF model is depicted in Figure 3.21. The constant threshold
of model can be observed by spike generation mechanism.

If v > Vi, ; then U={

Performance Evaluation Measures

3.5.1 Coincidence Factor

Coincidence factor measures the performance of two sequences (experimental and predicted)
of data. If the outcomes of both sequences are coincident, performance is maximum and vice
versa. The coincidence factor I' can be, defined as:

_ 2(Nm - <Np>)

= 3.15
p(Nm +Nd) ( )
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Figure 3.21 Quadratic Integrate and Fire Model

The parameters in Equation 3.15 are described as:

N,, = Total neural firings of model data

(N,) = Mean value of neural firings estimated by Poisson spikes with frequency identical to
model frequency

(N,) = 2wANy

N4 = Total neural firings of dataset

p = Normalization factor

p=1-2wA
w = Frequency of mean firings of dataset
w = N4/T

T = Time period of observation

A = Time interval that determines the coincidence of two spikes

The value of the coincidence factor as unity (I' = 1) manipulates the exact convergence of the
model to experimental data [61].

3.5.2 Firing Rate Coefficient

Firing rate coefficient represents the neural firings in terms of correlation and variance of
model data and dataset. For a large number of neural ensembles, evaluation of coincidence
factor is cumbersome and may encounter inappropriate results due to bias sensitivity. In such
cases, the normalized correlation coefficient for the firing rate of the network is a better choice
for performance evaluation and can be defined as:

n= M (3.16)

VVar(x)Var(y)

Where x stands for experimental data, y elucidates predicted data. 7 is less sensitive to bias
and only deals with neural variability because the mean is subtracted in the evaluation of
covariance and variance. The value of n approaching 1 indicates the exact convergence of the
model to experimental data while approaching 0, results in poor prediction [62].
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Summary

The electrical response of neuron can be predicted by computational models. To perform large
scale brain simulation in real time, computationally efficient and biologically comprehensive
model is required. For this purpose, hybrid excitable cell model is proposed and different
neurocomputational features are simulated. The hybrid excitable cell model is proposed by
assuming exponentially decaying threshold function in accordance with the biological neuron
holds. The membrane potential of neuron is evaluated by considering dynamics of ion channels
in terms of potential rather molecular interactions. This assumption simplified the model
equations by introducing the potential values to estimate membrane potential.

& KEY TAKEAWAYS

> The HEC model: tv’ = k(v —V;) f(v — Vs) — u + RI, with recovery tu’ = a(bv — u) and
an exponentially adaptive threshold V,;, = Aes=9/T — 9.

> Neurotransmitter and adrenergic effects enter as a gated synaptic current I, =
g (v — Vx)e(ts_t)/Tx-

> Fourteen firing patterns, from regular spiking to spike latency, are reproduced by
tuning only a, b, V; and d.

> The model is validated on a 2191 x 14 x 217 mouse dataset against the GLIF, MAT
and QIF models, using the coincidence factor T' and the firing-rate coefficient 7.
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What I cannot create, I do not understand.
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4 Results and Discussions: Neuron 4.1 Cell Level Performance

This chapter is dedicated to the implementation of proposed model and validation against
the experimental dataset. The proposed model is stimulated by time varying current and
corresponding response is recorded. State of the art models including Generalized Leaky
Integrate and Fire (GLIF) model, Multi-scale Adaptive Threshold (MAT) model and Quadratic
Integrate and Fire (QIF) model are also stimulated by identical time varying current. The
results of models are compared with dataset and proposed model is observed to be more
efficient in terms of accuracy at cell level and computing simplicity at network level.

Cell Level Performance

Neurons are excitable cells that can propagate electrical response through axon. The electrical
activity of neuron in the brain can be recorded by applying brief time varying current. For this
purpose, experimental framework is designed where neurons are stimulated by identical current
and corresponding response is recorded. The experimental recordings of neural activity contain
2191 neurons of mouse brain. The neurons are activated by photo current and corresponding
response along with strength of photo current is recorded. The values of neural response is
recorded at constant rate of one recording after each 0.275 seconds [63]. The process of
recording neural activity continues 217 times. The photo current exposure to all neurons is
identical due to constant intensity of light source. The intensity of photo source is converted
into electrical signal by photo sensors to record the activation current. This process of neural
recording is repeated 14 times. Therefore, we obtained a dataset comprises of neural activity
of 2191 neurons, for 217-time bins repeated for 14 trials. The dataset recorded in this way
comprises of a three-dimensional matrix with dimensions 2191 x 14 x 217.

For fair comparison, we stimulated state-of-the-art models with identical current as recorded
by photo sensors. The stimulated models include generalized leaky integrate and fire model,
multi-scale adaptive threshold model, quadratic integrate and fire model and hybrid excitable
cell model. Each model is stimulated by identical current and corresponding firing patterns
are stored in computer memory. The model data recorded by each model comprises of a
three-dimensional matrix of size 2191 x 14 x 217. To find the performance of each model with
respect to dataset, we need to find coincidence factor at single cell level. The neural ensembles
of each neuron are compared with dataset in terms of spike firing occurrence. By implementing
Equation 3.15, depicted in Algorithm 2, coincidence factor is evaluated as follows:

> A mask vector with dimensions five is initialized to zero for precision of +2 elements on
each side of central element of mask vector.

> The mask vector is loaded with five elements of model data for comparing the spikes with
dataset.

> Select the first element of dataset and compare with spike train of mask vector.

> In case if dataset selected represents spike, and any of five elements of mask also hold a
spike, the matching of spike is confirmed.

> By detecting the coincidence of spikes by analyzing the firing patterns of each neuron over
217 time bins, coincidence counter is increased by 1 each time.

> Repeat the iterations until dataset is completely compared with model data.
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Table 4.1 Comparison between hybrid excitable cell model, quadratic integrate and fire model, multi-
scale adaptive threshold model and generalized leaky integrate and fire model.

Coincidence Factor T Firing Rate Coefficient n
Model Dataset Prediction r Dataset Prediction n
GLIF 84 48 0.692066 787 488 0.554943
MAT 84 53 0.733302 787 492 0.612716
QIF 84 58 0.774240 787 539 0.674387
HEC 84 70 0.862579 787 655 0.826825

The performance of models in terms of coincidence factor can be expressed as:

Hybrid Excitable Cell (HEC) Model = 86%

Quadratic Integrate and Fire (QIF) Model = 77%

Multi-scale Adaptive Threshold (MAT) Model = 73%

Generalized Leaky Integrate and Fire (GLIF) Model = 69%

Readers interested to find the details of implementation of Equation 3.15 and corresponding
computations of each trial, are encouraged to consult [64].
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Figure 4.1 (a) Dataset (b) GLIF (c) MAT (d) QIF (e) HEC Model (f) Input current.
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Baseline models including Generalized Leaky Integrate and fire (GLIF) model, Multi-scale
Adaptive Threshold (MAT) model, and Quadratic Integrate and Fire (QIF) model, are stimulated
by identical input current as depicted in Figure 4.1. Figure 4.1a represents the spike train of
dataset recorded for mouse brain neurons, activated by optically generated synaptic current.
The dataset comprises of electrophysiological recordings of 2191 neurons, for the period of
800 milli-seconds. The response of single neuron of dataset is plotted in Figure 4.1a.

Figure 4.1b illustrates the response of Generalized Leaky Integrate and Fire (GLIF) model for
identical input synaptic current as provided for recording the dataset. GLIF model assumes the
set of ionic currents responsible for depolarization of membrane potential. Therefore, the effect
of hyperpolarization currents is not depicted by GLIF model. As a result, the spike prediction
of GLIF model is poor when compared with dataset.
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Algorithm 2: Coincidence Factor
Input: mouse data, A, T, t
Output: T

1 Initialize parameters

2 for m < trials do

3 for k < neurons do
4 Initialize neural parameters
5 Find indices of spikes from the dataset (N;)
6 data(k) = find (Vgqq = 30);
7 Find indices of spikes from models (N;;)
8 model (k) = find (Vioder = 30);
9 Find the coincidence of spikes as:
10 fori < N,, do
11 for j < Ny do
12 Q = model(i)/datal(j)
13 if Q ==1 then
14 L Ne=Nc+1
15 nmodel(k) = Nc;
16 w(k) = (T X t)/nmodel(k);
17 N =2w(k)ANy;
18 Nmodel(k) =1- 2w(k)A,
19 L T'(k) =2 X (Nmodet (k) = N)/(Nmodet (k) X (data(k) + nmoger(k)));
20 I'(m) = mean(T(k);

21 Save results in output file

Multi-scale Adaptive Threshold (MAT) model assumes the leakage ions in prediction of mem-
brane potential. The effect of hyperpolarization potential is integrated in adaptive threshold
function that can update after each spike is fired. The neural response of MAT model is de-
picted in Figure 4.1c. Due to variable time constants associated with ion channels, membrane
potential moves more towards hyperpolarization phase. As a result, membrane recovery of
neuron takes longer time to fire the next spike for same input synaptic current as delineated in
Figure 4.1c.

Quadratic Integrate and Fire (QIF) model assumes intracellular and extracellular interactions
of ion channels. The composite effect of ionic currents is provided to model for activation of
neuron. The membrane recovery is integrated by the model parameter u, instead of threshold.
In the QIF model, hyperpolarization phase of action potential is modeled by membrane recovery
parameter. The response of QIF model by application of identical input synaptic current is
illustrated in Figure 4.1d.

Hybrid Excitable Cell (HEC) model combines the features of GLIF, MAT, and QIF models to
predict the neural response [65]. In HEC model, the effect of positive and negative ions on
membrane potential is manipulated by adaptive exponential threshold function. Moreover,
the membrane potential recovery parameter is assumed from the QIF model. As a result,
spike prediction of HEC model is better than GLIF, MAT and QIF models when compared with
dataset, as illustrated in Figure 4.1e. The input synaptic current to stimulate the models is
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depicted in Figure 4.1f.

Table 4.2 Numerical values of coincidence factor for 10 neurons out of 2191 neurons of first trial of
dataset out of 14 trials.

Neurons Niata Nqif Fqif Nmat Dnar Nglif 1—‘glif Nhec Thec

1 74 49 0.76 45 0.72 40 0.67 61 0.86
2 88 49 0.68 45 0.64 41 0.60 69 0.83
3 60 35 0.71 32 0.66 30 0.63 48 0.85
4 96 76 0.83 73 0.81 61 0.73 89 0.91
5 90 61 0.76 56 0.73 47 0.65 72 0.84
6 98 50 0.64 46 0.61 39 0.54 71 0.79
7 66 49 0.81 44 0.76 38 0.69 59 0.89
8 86 53 0.72 46 0.66 45 0.65 72 0.86
9 83 68 0.85 61 0.80 52 0.73 75 0.89
10 76 55 0.79 52 0.77 45 0.71 65 0.87

The numerical values of coincidence factor of 10 neurons out of 2191 neurons of dataset is
listed in Table 4.2. The values listed in Table 4.2 is from first trial of dataset out of 14 trials. In
Table 4.2, first neuron of dataset fired 74 spikes on 217-time bins, where each time bin is of
0.275 seconds. Therefore, the first neuron of dataset is observed for 217x0.275=59.7 seconds.
During this time, first neuron of dataset fired 74 spikes. Only 49 spikes of Izhikevich neuron
model coincided with dataset, with coincidence factor of 0.76. Similarly, spike coincidence
of MAT and GLIF models are 45 and 40 spikes respectively. The coincidence factor for MAT
model is 0.72 and for GLIF model 0.67. The spikes coinciding with experimental data by HEC
model contains 61 spikes with highest coincidence factor of 0.86 as depicted by row 1 of Table
4.2.
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Figure 4.2 Graphical representation of coincidence factor of 10 neurons out of 2191 neurons from first
trial of dataset out of 14 trials.

Figure 4.2 illustrates the graphical representation of coincidence factor of first 10 neurons of
dataset. The dataset contains 2191 neurons, with neural recordings conducted over 217-time
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bins. Therefore, a single trial of neural responses is represented by the matrix with dimensions
2191x217. The graphical representation of neural responses of 2191 neurons over 217-time
bins produces a complicated plot. For simplicity, we plotted the response of first 10 neurons
for better illustration. In Figure 4.2, coincidence factor of neural responses changes over
time rapidly. The fluctuations in neural response are due to correlated noise that arises from
dendritic neural structure which captures the signal from other neurons.

Table 4.3 Average numerical values of coincidence factor of 14 trials with each trial containing 2191

neurons.

Trials Ndatq Nqif 1—'qif Nmat [at Nglif l—‘glif Nhec Thec
1 84 59 0.78 54 0.74 50 0.70 71 0.86
2 87 61 0.78 56 0.74 52 0.70 74 0.86
3 86 60 0.78 55 0.74 50 0.69 73 0.86
4 82 57 0.77 52 0.73 48 0.69 69 0.86
5 79 54 0.77 50 0.73 46 0.68 66 0.86
6 77 53 0.76 48 0.72 44 0.68 64 0.86
7 76 51 0.76 47 0.72 43 0.67 63 0.85
8 75 51 0.76 47 0.72 42 0.68 62 0.86
9 74 50 0.76 46 0.72 42 0.67 62 0.85
10 74 50 0.76 45 0.71 41 0.67 61 0.85
11 74 50 0.76 45 0.71 41 0.67 61 0.85
12 74 50 0.76 45 0.71 41 0.67 61 0.85
13 74 50 0.76 45 0.71 41 0.67 61 0.85
14 74 50 0.76 45 0.71 41 0.67 61 0.85

Mean 78 53 0.77 49 0.73 44 0.68 65 0.86

Table 4.3 manipulates the numerical values of coincidence factor for 14 trials of dataset. The
dataset contains 2191 neurons, with neural responses taken over 217-time bins. The time
span of each time bin is 0.275 seconds. The neural responses of 2191 neurons over 217-time
bins constitute a single trial. The mean values of coincidence factor for 14 trials of dataset
are listed in Table 4.3. First row of Table 4.3 represents that, on average 84 spikes per neuron
observed, for which 59 spikes of Izhikevich model, 54 spikes of MAT model, 50 spikes of GLIF
model and 71 spikes of HEC model coincided. Therefore, HEC model performance is better
than Izhikevich, MAT and GLIF models.

Figure 4.3 illustrates the graphical representation of coincidence factor of 14 trials. The matrix
representing 14 trials of dataset can be expressed as 2191x14x217. The analysis of such
large value dataset is complicated in three-dimensional space. Therefore, we implemented the
mean values of each trial for simplicity and better illustration of dataset. From Figure 4.3, it is
clear that average value of coincidence factor is approximately constant. Therefore, the mean
value of coincidence factor effectively elucidates the trend of neural firing of model data in
comparison of dataset.

The spike generation mechanism of neuron involves abrupt changes in membrane potential.
To compensate for the changes in membrane potential after spike is fired, membrane potential
recovery parameter is introduced. This parameter behaves like an exponentially decaying
function of membrane potential from peak value. Whenever, action potential spike is generated,
membrane potential recovery parameter is negatively feedback to membrane potential. As a
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Figure 4.3 Graphical representation of average value coincidence factor of 14 trials with each trial
containing 2191 neurons.

result, membrane potential tends to decay towards resting conditions. The effect of leakage
ions is encountered in model as static threshold and hyperpolarization potential values. The
effects of hormonal and adrenergic receptors also included in model in terms of excitation
current.
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Figure 44 Comparison of baseline models with proposed model in terms of computational complexity.

The proposed model is extended to simulate the different neurocomputational features. The
neurocomputational features are the different firing patterns of neurons. These firing patterns
are determined by the release of different types of neurotransmitters and adrenergic receptors.
The complexity of each baseline model along with neurocomputational features is listed in
Figure 4.4. To validate the proposed model against experimental dataset, we need to consider
the identical conditions. For this purpose, electrophysiological recordings of mouse brain are
assumed as dataset. The dataset comprises of electrophysiological recordings of 2191 neurons,
over 217 time-bins for 14 trials. This forms the matrix with dimensions 2191 x 14 x 217.
The baseline models to compare the accuracy of proposed model include generalized leaky
integrate and fire model, multi-scale adaptive threshold model and quadratic integrate and fire
model with identical dimensions as dataset. The performance evaluation of proposed model
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with baseline approaches is carried out in terms of coincidence factor at single cell level and
normalized correlation coefficient at network level.

The comparison of neural responses at cell level for small population of neurons in terms
of coincidence factor is effective metric. However, for large scale neural ensembles, such
comparison is not possible. Moreover, coincidence factor strongly depends upon step size
within which neurons fired are considered as coincident. In short, at large scale network
level, calculation of coincidence factor is computationally prohibitive, therefore, normalized
correlation coefficient is better choice at large population of neurons.

Network Level Performance

Large-scale simulation of brain neural network involves the firing of individual neuron as well
as communication between other neurons. The behavior of neurons in terms of neurocomputa-
tional features may vary within intra-regional and inter-regional communication. Under such
circumstances, coincidence factor is difficult to manipulate the information flow between neu-
rons. Therefore, normalized correlation coefficient is good choice for performance evaluation
of model data against dataset. The normalized correlation coefficient assumes two vectors
of same dimensions. The correlation between both vectors can be calculated by evaluating
covariance of both vectors normalized by variance of each vector. This normalization restricts
the value of correlation coefficient within the range of +1 to -1. In current study, negative
correlation between neural firings do not exist, therefore, correlation coefficient lies between 0
to 1 [66].

To find the correlation coefficient, we assume dataset in the form of single trial. The dataset is
composed of a three-dimensional matrix of type 2191 x 14 x 217. We decomposed dataset
into individual trial of dimensions 2191 x 217. A vector of dimensions 217 is defined and
each entry of vector contains firings of 2191 neurons. Similarly, a vector of dimensions 217 is
defined for each model data and firings of 2191 neurons of each model is added and resultant
firings are stored in corresponding element of vector. Readers interested to find the details
of implementation of Equation 3.16 and related computations are encouraged to consult
[67].

The firings of 2191 neurons of dataset calculated over 217 time bins are plotted in Figure 4.5
by black solid line. The fluctuations in neural firings indicate that for each time bin different
number of neurons fired exhibiting the transfer of information between neurons. Similarly,
firings of hybrid excitable cell model is plotted by blue, quadratic integrate and fire by red,
multi-scale adaptive threshold by magenta and generalized leaky integrate and fire by green
solid line as depicted in Figure 4.5.

Table 4.4, row 1 manipulates the computation of first trial of dataset in terms of mean firings
of 2191 neurons averaged over 217-time bins. For trial 1, dataset fired 846 spikes averaged
over 217-time bins. The average spikes fired by QIF, HEC, MAT and GLIF models are 596, 714,
549 and 504 respectively. The firing rate coefficient for QIF, HEC, MAT and GLIF models by
implementing Equation 3.16 is 0.69, 0.83, 0.63 and 0.58 respectively. The mean values of
14 trials are depicted in last row of Table 4.4. It should be noted that the performance of the
HEC model is better than QIF, MAT and GLIF models due to biological details of parameters
implemented for HEC model.
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Figure 4.5 Graphical representation of firings of 2191 neurons per time bin over 217 time bins for first
trial of dataset.

Table 4.4 Mean firings of 2191 neurons averaged over 217 time bins for each trial of dataset.

Trials Dataset QIF HEC MAT GLIF Ngif Nhec Nmat Nelif

1 846 596 714 549 504 0.69 0.83 0.63 0.58
2 882 620 745 569 521 0.68 0.83 0.62 0.57
3 868 609 733 557 509 0.68 0.83 0.62 0.56
4 831 577 698 528 482 0.68 0.83 0.61 0.56 5
5 800 550 668 504 460 0.67 0.82 0.61 0.55
6 780 534 650 488 444 0.67 0.82 0.61 0.55
7 763 518 632 472 429 0.66 0.82 0.60 0.54
8 759 516 631 470 428 0.67 0.82 0.60 0.55
9 752 508 623 463 421 0.66 0.82 0.60 0.54 p
10 747 502 616 456 414 0.66 0.81 0.59 0.54
11 748 502 617 456 414 0.66 0.82 0.59 0.54
12 746 501 615 456 415 0.66 0.81 0.60 0.54
13 748 503 616 458 415 0.66 0.81 0.60 0.54
14 746 503 617 457 415 0.66 0.82 0.60 0.54
Mean 787 539 655 492 448 0.67 0.82 0.61 0.55

The firings of 2191 neurons per time bin are depicted in Figure 4.5. The firing rate coefficient
for each trial is calculated by evaluating the correlation between entries of model data with
respect to dataset. The average value of firing rate coefficient n for each model is listed in Table
4.4. The graphical representation of mean firing rate coefficient for each trial is illustrated in
Figure 4.6. It should be noted that mean firing rate coefficient for all trials is approximately
constant. This shows that the neural responses entirely depend upon the stimulus regardless
the correlated noise encountered by the neurons [68].
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Figure 4.6 Graphical representation of firing rate correlation coefficient of 2191 neurons averaged over
217 time bins for 14 trials.

Building Large Scale Model of Human Brain

The human brain contains about 100 billion neurons with more than 1000 trillion synaptic
connections. Each neuron is linked with other neurons by 1000 to 10,000 synaptic connections.
Building the neural network of such an extraordinary organ is quite a challenging task. The first
barrier is memory required to build the computational basis of model. Conventional methods of
brain simulation require super computing resources with petaflops of computing capacity and
terabytes of storage capacity. The second barrier in human brain simulation is development
of connections between neurons to build the largest neural network of brain. Even modern
supercomputers are not able to hold the computing facility to simulate the human brain in
real time by conventional methods of brain simulation [69].

To build the large scale model of human brain, we assume the binary behavior of individual
neuron. A neuron in the brain can hold only two states, either fired or not fired. If a neuron is
fired, it corresponds to binary state 1 and if neuron is not fired, it corresponds to binary state
0. Therefore, if we assume a variable to locate the memory location for membrane potential, it
will consume 64-bits per memory location depending upon the architecture. Thus, a single bit
will represent the neuron, and variable will represent a cluster of neurons with 64 neurons per
cluster. If we define a variable in MATLAB with dimensions 10001000 containing 64-bits per
entry, we end up with 64 million bits, representing 64 million neurons. Figure 4.7(a) represents
1000x1000 matrix containing decimal entries defined in MATLAB. By definition, each decimal
number in MATLAB is represented by equivalent 64 bits binary number. Therefore, 1000x1000
matrix is in fact a three dimensional matrix in binary format 1000x1000x64 as depicted in
Figure 4.7(b). The bit stream of decimal number into equivalent binary number with 64 bits is
elucidated in Figure 4.7(c). Details of computation are depicted in Algorithm 3 for illustration.

To simulate 100 billion neurons, we assumed four spiking features of neurons, regular spiking,
fast spiking, tonic spiking and phasic spiking. We initialized 1000x1000 matrix to zero and
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Figure 4.7 Binary representation of 1000x1000 matrix to manipulate 64 million neurons. (a)
1000x1000 matrix (b) Splitting of 1000x1000 matrix with each decimal number into
64 bits binary number. (c) 64 bit binary representation of decimal number.

decomposed each number to a bit stream of 64. Synaptic current from 1000 neurons is

superposed and a composite value of current I is generated. This current I is passed through 0
the model equations to evaluate membrane potential v. The value of membrane potential is
compared with threshold potential V. If membrane potential exceeds threshold potential,
corresponding bit is set to 1. The simulation procedure is summarized in Algorithm 3 for
illustration.
6

Simulation of 1000x1000 matrix yields 64 million bits, equivalent to 64 million neurons. This
procedure is repeated in a loop for 16 times to end up one billion bits (1000x1000x64x16)
per spiking feature. In our case, we assumed four features, therefore, total 4 billion bits or
neurons are simulated in this way. To achieve the 100 billion neurons, we need to execute the
procedure in another loop of 25 repetitions. Hence, we end up with 100 billion neurons with
100 trillion synaptic connections to simulate on desktop processor. The simulation results takes
about 1 hour, 23 minutes and 42 seconds on Intel(R) Core(TM) i5-2410M CPU with 2.30 GHz
containing 4GB RAM. The parameters of simulation are summarized below:

Features = 4

Grid size = 1000x1000

Bits per entry = 64

Trials = 16

Rank = 25

Total Bits = 4 x 1000 x 1000 x 64 x 16 x 25 = 1.024 x 10! bits

Total Firings = 102019

Total Time = 1.395 hours = 1 hour, 23 minutes, 42 seconds

System Specifications = Intel(R) Core(TM) i5-2410M CPU 2.30 GHz 4GB RAM
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Algorithm 3: Evaluation of binary matrix for 64 million neurons
Input: N, Data matrix D(1000,1000)
Output: Firings

1 Initialize parameters

2 fori < N do

3 for j <N do

Initialize 64 bit vector B(1,64)

for k < 64 do

Calculate v

if v >V, then

B(k) =1
Firings = Firings + 1
10 D(i,j) = D(i, j) + 2k1

O © N o 1 b

11 Plot and save results in the output file

Simulation results are plotted in Figure 4.8 after each firing is initiated. The parameters of
four classes (Blue: regular spiking, Red: fast spiking, Magenta: tonic spiking, Black: phasic
spiking) of spiking neurons were initiated and corresponding values are stored in bit stream
vector B defined in Algorithm 3. For each firing of neuron, we plotted a dot with specific color
code corresponding to the firing feature at location defined by index value (i, j, k).

The largest neural network simulated so far, reported about 1 billion neurons (1% of brain),
on Japanese flagship K-computer (K is derived from Japanese word Kei stands for quadrillion
109) by tile partitioning method [70]. This neural network is the most detailed network of
cortical neurons simulated over 82,944 computational nodes with realistic anatomical and
physiological parameters. The large-scale simulation of brain depends upon the computational
model implemented, details of biological features and computing resources available. The
detailed neural models that can capture the dynamics of neurons down to ion channels, are
computationally expensive. Hence, we need to optimize the trade-off between biological
features and computing resources. In our case, computing resources are limited, therefore, we
implemented the simplest neural architecture. For simplicity, we assumed bit stream of data
rather tile partitioning, which reduced the memory allocation and corresponding weight storage.
Moreover, representation of neural responses in bits reduced the complicated computations
related to the data structures implemented for brain simulation.

X3 Limitations

Due to limited computational resources available, biological details of neurons related to
morphological and electrophysiological features are not included in simulation. For simplicity,
these details are generated by random numbers within the actual biological range of parameters.
The limitations of large-scale simulation of the human brain reported in this study, are listed
below:

> This work is intended to claim the simulation of largest spiking neural network of human
brain on desktop. Therefore, approximations are necessary in this regard to meet the
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Figure 4.8 Simulation results of 100 billion neurons with 100 trillion sparsely coupled synaptic con-
nections.

capacity of limited resources available. The standard benchmarks such as the Allen Brain
Observatory spiking data or BrainScaleS data are of prime importance while dealing with
detailed compartmental models with morphological features.

> The simulation of human brain is performed by assuming point neuron with no dendritic
connections to communicate with other neurons. After each iteration, values of model
parameters are initialized to efficiently utilize the limited memory available for computation.

> The synaptic connections developed in simulation are sparsely coupled, without any resem-
blance with biological neurons. Therefore, the effect of neural signal propagation in the
form of neural network cannot be identified in current scenario.

> Detail of membrane potential variations are not included in simulation of large-scale brain
simulation. Therefore, we cannot extract the electrophysiological details from simulation.

> The values of synaptic currents and membrane potential are processed in digital format for
simplicity. Therefore, temporal features of neural activity in terms of neurocomputational
features are lost.

> Mathematical models to extract the higher-level features such as gamma oscillations or
traveling waves can enhance the computational complexity of model. Moreover, we need
to integrate electrophysiological features and spatial distribution of neurons into entirely
different frameworks such as spike raster models to detect neural oscillations. This study is
limited to point neuron modeling only; therefore, spike raster treatment is not generated
here.
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Homogeneous and Heterogeneous Spatial Firing Distribution

In this section expected neural distribution of one million cells is presented with sparsely
coupled neuron as the exact connections of neurons are unknown. Large scale brain simulation
can be identified by different visualisation techniques such as local field potentials (LFPs),
electrocorticographic signals (ECoGs), voltage sensitive dye imaging (VSDI) signals, electroen-
cephalography (EEG) and magnetoencephalography (MEG). Each technique contains different
model mechanism at back end for specific patterns to be visualised. Hence, the model choice
and limitations plays vital role in large scale brain simulation to extract the animal behaviour.
In our case, point neuron model is adopted, thus we can expect only neural distribution in
the form dots as depicted in Figure 4.9 by assuming five neurocomputational features due to
limited computational power available. A grid of one million neurons is initialized to resting
membrane potential of -80mV, having one thousand synaptic connections per neuron, defined
by Equation 4.1.

Figure 4.9 Neural activity across different brain regions in terms of neurocomputational features of
brain with heterogeneous inter regional communication represented by different colours,
previously reported for excitatory and inhibitory neurons [71].

Isynaptic = sum(0.2 x rand (1, 1000)) (4.1)

The value 0.2 is derived from experimental data set with correlation noise coefficient centred at
0.2. Assumption behind considering 1000 synaptic connections comes from original Izhikevich
model to make the comparison between identical trials. By applying finite difference method
technique, value of membrane potential at each neuron is evaluated. The neurons having
membrane potential greater or equal to 30mV are plotted by dot depending upon the index
value (i, j, k). Figure 4.9 elucidates the homogeneous spatial distribution of five features of
neurons by HEC model, with parameter values defined in [72, 73].

Same procedure can be applied for different brain regions to evaluate heterogeneous spatial
neural distribution as depicted in Figure 4.9, mapped on brain surfaces. Due to limited
computational resources available, we restricted our simulations to million scale only. However,
modern supercomputers (Spinnaker [74] or Japanese Flagship K-computer [75]) can be able
to define the neural network of the order of brain that can be viewed on brain surfaces. Each
coordinate on brain surface describes the certain neuron number with simultaneous firings.
Thus, the neurons fired instantaneously are depicted by dot on brain surface and assumed to
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form network. Figure 4.9 illustrates the spatial distribution of neuron firings on brain surfaces
in the form of oscillatory activity.

The oscillatory activity of neuron firings consists of multiple propagating waves with different
excitation frequencies depending upon governing neurocomputational features. These waves
spontaneously appear and disappear at various locations of brain surfaces due to sparsely
coupled neural network (one thousand synaptic connections in this case) reported by [71].
Once the connections between neurons are developed with realistic model (unknown at this
time), we can generate realistic propagating waves patterns. The simulated signals plotted
on brain surfaces can be correlated with human subjects observed in vivo and in vitro under
various constraints [76, 77].

X3 Summary

In this chapter performance of hybrid excitable cell model is compared with state-of-the-art
models at single cell level and at network level. At single cell level, performance of models is
determined by coincidence factor. At network level, the performance of hybrid excitable cell
model is determined by firing rate coefficient. Firing rate coefficient represents the normalized
correlation coefficient evaluated by analyzing firings of model in comparison to dataset. Due to
limited memory space and computation power available, we are not able to store the synaptic
information for the next iteration. However, neural response can be stored in memory as bit
stream because one hundred billion neurons in bit format can occupy 13 gigabytes of memory
space.

& KEY TAKEAWAYS

> Cell level: coincidence factor I' = 0.86 for HEC, against 0.77 (QIF), 0.73 (MAT) and
0.69 (GLIF).

> Network level: firing-rate coefficient n ~ 0.83 for HEC, against 0.67 (QIF), 0.61
(MAT) and 0.55 (GLIF).

> Treating each neuron as one bit lets 1.024 x 10!! neurons be simulated in about
1h 24 min on a Core i5 laptop with 4 GB of RAM,; storing the whole brain needs about
13 GB.

> The trade-off is that binary coding discards membrane-potential detail and temporal
features.
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In this chapter we extended Hybrid Excitable Cell model to cardiac myocytes. Cardiac myocytes
are excitable cells in the heart that can link electrical activity to mechanical function. The
excitation and contraction in the heart is due to systolic and diastolic pressure generated due
to blood flow. The electrical response of cardiac myocyte network predicts the excitation-
contraction coupling and abnormalities related to the heart response. In this chapter, our focus
is to model the electrophysiological activity of cardiac myocytes and extend the concept of
single cell to the network level.

Cardiac Myocytes

Cardiac myocytes are excitable cell that produces action potential due to mechanical functioning
of cardiac activity. The electrophysiological activity of cardiac myocytes is initiated by local
pacemaker cells located in sin-atrial (SA) and atrioventricular (AV) node. Unlike neurons,
cardiac myocytes hold a large amount of calcium ions reserved in sarcoplasmic reticulum.
Whenever pace-making cells initiate an electrical activity, it propagates in the form of circular
waves toward the cardiac myocytes. These electrical pulses act as stimulus to activate the
cardiac myocytes action potential [78]. The electrical activity of cardiac myocyte in terms of
membrane potential variations can be manipulated as:

V' =k(V=V,)f(V = Vi) =t + Vay + Vsa + RI (5.1)
' =a(bV - u) (5.2)

Vav = Potential pulse through AV node = Ve~ ¢/

Vsa = Potential pulse from SA node = VCae‘(t‘“T)z/ Tca

I = INg + INaL + Ito + Icar + Ikr + Iks + Ik1 + INacai + INacass + INax + Ikb + INab + Icab + IpCa + Jleak +
Jrel + Jer + Jup + Lstim

The activation of cardiac myocyte membrane potential towards upstroke and plateau phase
can be expressed as:

Vﬁe—(t—nr)/TK vt

(5.3)
Vege™ M e (£ 4 1)

If V> V4 ; then V:{

The hyperpolarization and resting potential can be represented as:

Veem o/ y
Ifv < VAPDSO 5 then V = ' (54)
Vge (M Tve v (£ 4+ 1)
A brief description of parameters in Equations 5.1, 5.2, 5.3 and 5.4 are listed in Table 5.1.
Stimulation current I is of prime importance in generation of action potential in cardiac myocytes
[79]. A detailed discussion of cardiac currents is provided in Section 5.2 for illustration.

Cardiac action potential can be divided into six phases termed as stimulation, upstroke, po-
larization, plateau, repolarization, and resting [80]. The brief description of each phase is
provided below.

> Stimulation: In this phase cardiac myocyte remain in resting state unless a brief potential
from SA node or AV node approaches the fibers of cardiac myocyte [81]. Under this
condition, leakage ions (V,e~(~"")/Ti) are active and can travel across the cell membrane.
Due to this ionic transportation, cardiac membrane potential fluctuates and ready to capture
stimulation as depicted in Figure 5.1a.
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Table 5.1 Brief description of model parameters, notations and symbols used for cardiac myocytes

Symbols Description
1% Cardiac action potential e
k Cardiac firing constant with respect to resting potential
1A Resting membrane potential
f Cardiac firing constant with respect to threshold potential
u Membrane recovery potential
Vay Potential generated by AV node 2
Vsa Potential generated by SA node
R Membrane resistance
I Input current
Vy Potential due to a—adrenergic receptors
Vg Potential due to f—adrenergic receptors .
Vea Potential due to calcium ions

n Number of cardiac pulses

T Duration of cardiac pulse

a Time constant of membrane recovery parameter
b Time constant of membrane potential

> Upstroke: When local potential generated by SA node and AV node approaches the cardiac
myocyte, sodium channels are opened [82]. As a result, a rapid influx of sodium ions
(Vge~(t=n7)/Tva) takes place across cardiac membrane. This causes a rapid increase in
membrane potential towards the positive side of action potential. Due to deposit of sodium
ions inside the cardiac myocyte, an electric force of repulsion generated on intra-cellular
calcium ions. The electrostatic gradient induces the force on adrenergic receptor gates
and release the f—adrenergic receptors. The neurons sensitive to adrenergic receptors
are triggered and signal is communicated to central nervous system by nerve impulse as
depicted in Figure 5.1b. Due to slow movement of calcium ions, decay of f—adrenergic
receptors is quite slow (Figure 5.1d). This gradually releases calcium ions from internal
reserve of calcium called sarcoplasmic reticulum as illustrated in Figure 5.1a.

> Polarization: Due to rapid inward movement of sodium ions, sarcoplasmic reticulum
channels are opened and calcium influx (Vgge™(=7)°/Tee) takes place along with release of
potassium ions (Vﬁe‘(f‘"”/ Tk), Since potassium ions are lighter than calcium, therefore,
potassium efflux is more significant than calcium influx. As a result, membrane potential
drops toward negative side [83]. This phase is called polarization of cardiac membrane as
elucidated in Figure 5.1a.

> Plateau: Due to larger size of calcium ions, their influx is slower as compared to sodium
and potassium ions. Therefore, membrane potential gradually decreases towards negative
side. This stable state of membrane potential is called plateau phase. Plateau phase
plays important role in synchronization of cardiac myocytes during excitation contraction
coupling as depicted in Figure 5.1a. During plateau phase when membrane potential
remains constant, release of beta-adrenergic receptors is blocked. As a result, a gradual
decline of membrane potential occurs after plateau phase [84].

> Repolarization: When large amount of calcium is moved inside the cell, a strong force of
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Figure 5.1 a) Action potential pulses generated by single cardiac myocyte (blue) b) Neuron activated
by beta-adrenergic receptors (black) ¢) Neuron stimulated by alpha-adrenergic receptors
(magenta) d) Potential pulse generated by release of beta-adrenergic receptors e) Potential
waveform activated by release of alpha-adrenergic receptors f) Electrical pulses generated
by cardiac myocytes to activate the neural network of brain (red).

repulsion compels potassium to move outward very rapidly [85]. This causes a decrease in
membrane potential towards resting state. This negative tendency in membrane potential
activates a—adrenergic receptors. The neurons associated with alpha adrenergic receptors
get fired and corresponding communication signal is delivered to central nervous system
through impulses as illustrated in Figure 5.1c,e. Due to transportation of leakage ions
(V,e~(t=")/T1) ' membrane potential drops below the resting potential. This state of cardiac
myocyte is termed as hyper-polarization [86].

> Resting: Due to transportation of leakage ions across cardiac membrane, action potential
returns back to the resting membrane potential [87].

Plateau phase of cardiac action potential is responsible for heart rate variability, one of the
key factors to estimate the individual’s heart health [88]. In fact, plateau phase determines
the action potential duration (APD) and diastolic interval (DI) of the heart cycle. APD is the
duration of time for which action potential spike is initiated, while DI is the duration of time
for which cardiac myocyte is in resting state. The relation between APD and DI is referred to
as cardiac restitution function which determines duration of APD in terms of DI. restitution
function is an exponential function that estimates the next APD from relaxing period DI of
previous cardiac action potential. Therefore, larger APD is associated with larger DI and
smaller APD is triggered with smaller DI [89]. This fact can be verified directly from warm
up activity of an athlete. During exercise, the heart beats at faster rate, therefore, diastolic
intervals are quite small. As a result, corresponding APDs are also closely packed over time
scale. Whenever, heart rate exceeds from a certain limit, adrenergic receptors communicating
the central nervous system activates the cardiac neural network. This cardiac neural network
activates the sarcoplasmic reticulum reserve of heart to release more and more calcium into
cardiac myocyte fluid to slow down the heart rate. Hence, cardio-neural network of brain and
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heart interplay an important aspect of brain-heart interface.

This study is limited to electrophysiology replication of cardiac myocytes in the simplest possible
manner to test the proposed spiking neural network model to extract the abnormalities from
the heart. While dealing with complex morphological features of Purkinje fibers, we need
to consider the molecular and cellular level hierarchy of voltage activated gates. This will
make the cardiac myocyte model complex computationally as well as morphological while
coupling with brain cells. To avoid such complexities, we restricted our assumptions to just the
electrophysiological features of cardiac myocytes in their simplest form.

The closed loop control system describing the communication pathway between brain, heart
and autonomic nervous system is depicted in Figure 5.2. Excitable cells are recognized as
neurons and cardiac myocytes. The models capable of manipulating the electrophysiological
details of neurons are described as GLIF, MAT, QIF and HEC model. Details of cardiac myocyte
models not presented because we are dealing with neural network computation in current
study. The best model in terms of Gamma factor and firing rate coefficients (HEC model in
current scenario) is implemented to represent the neural network of autonomic nervous system.

/ Excitable cells \
NEG Cardiac

Myocyte

| I
GLIF, MAT, QIF, HEC | | HEC Model |
[ |
|

| Gamma Factor |

l

| Firing Rate Coefficient | [

| HEC Model |

Autonomic Nervous System

Figure 5.2 Flowchart describing the communication pathway between brain and heart via autonomic
nervous system to control the functionality of both organs.

Cardiac Currents

The cardiac action potential is generated by various ionic current. The major ions that constitute
cardiac ionic currents are sodium, potassium and calcium ions [90]. In this section, we discuss
briefly the effects of these ionic currents on cardiac action potential.

5.2.1 Inward Sodium Current I,

The membrane of cardiac myocyte at resting state holds negative potential that varies from
-90mV to -80mV depending upon the transportation of leakage ions across membrane. The
current generated by pace-making cells from sin-atrial (SA) node and atrioventricular (AV)
node reach the cardiac myocyte to stimulate the cell [91]. The membrane of cardiac myocyte
contains protein molecules that act as ion channels. These ion channels are voltage sensitive and
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can be activated at certain potential. Once the ion channels are activated, the transportation
of ions takes place across the membrane. For instance, the activation potential of sodium
channels is -40mV. Whenever electric potential of membrane reaches the threshold potential of
sodium channels, the protein molecules are activated to allow the sodium ions to rush into the
cell. The current generated due to inward movement of sodium ions is called inward sodium
current denoted by Iy, as depicted in Figure 5.3.
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Figure 5.3 Inward sodium current

The sodium current initially starts from zero reference level and produces a negative spike.
This spike is due to the interaction of sodium ions with negatively charged protein molecules.
Once the sodium channels are opened, the influx of sodium ions attain its steady state level.
Thus, the sodium ions constitute the positive upstroke of cardiac action potential. It should be
noted here that inward movement of sodium ions is energy consuming [92]. The electrostatic
force of repulsion between sodium ions needs to be handled by energy pumps that allow the
further movement of sodium ions inside the cardiac myocyte membrane.

5.2.2 Late Sodium Current Iy,

Late sodium ionic current is produced by special type of sodium activated channels. During the
resting state of cardiac myocyte, a continuous pulses of current approaches cardiac myocyte
membrane from SA node and AV node. These pulses cause membrane depolarization from
resting to upstroke. The inward movement of sodium ions takes place due to opening of
sodium channels. With an increase in sodium ion concentration inside the cardiac myocyte,
membrane potential tends to increase rapidly. Finally, a stage is achieved when intracellular
force of repulsion of sodium ions blocks the further transportation of sodium ions through
membrane. This force of repulsion reduces the influx of sodium ions [93]. As a result, an
impulse of negatively triggered sodium ions is generated, called late sodium current denoted
by Iyq.. The waveform of late sodium current is plotted in Figure 5.4

The waveform depicted in Figure 5.4 starts from fast sodium current as described in Subsection
5.2.1. Due to rapid transportation of sodium ions inside the cell, electrostatic force of repulsion
increased. As a result, the influx of sodium ions decreased due to previously installed positive
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Figure 5.4 Late sodium current

entries of sodium ions. The decrease in sodium ionic current is illustrated in Figure 5.4.

5.2.3 Transient Outward Current I,

The transient outward current is generated due to the electrostatic equilibrium established
by sodium ions. The inward transportation of sodium ions through sodium ion channels is
ceased when intracellular and extracellular force of repulsion is balanced. This point is the
apex of cardiac action potential denoted by +40mV. At this stage, potassium sensitive ion
channels are activated, and re-polarization of cardiac membrane takes place. Initially, the
cardiac membrane contains a large amount of potassium ions inside the cell. The positive
potential of potassium ions is balanced by the negatively charged protein molecules, that act
as ion channels for transportation of specific ions. These ion channels are voltage sensitive and
are triggered at certain potential [94]. The activation potential of potassium ion channels is
40mV approximately, depending upon temperature and concentration of potassium, sodium
and negatively charged protein ions.

The rapid influx of sodium ions tends to increase the membrane potential towards 40mV
potential that acts as threshold for activation of potassium ion channels. As a result, potassium
ions transportation takes place from intracellular fluid to extracellular. The outward movement
of potassium ions decreases the membrane potential towards the negative side. This phase of
cardiac action potential is called re-polarization. The decrease in transient outward current is
delineated in Figure 5.5. The transient state of ionic current is due to the presence of sodium
ions in intracellular fluid [95]. The force of repulsion between positively charged sodium and
potassium ions constitutes the re-polarization phase of cardiac action potential. The movement
of potassium ions is much slower than sodium ions due to the size and molecular composition of
potassium ions. Thus the intracellular movement of sodium ions is faster than the extracellular
movement of potassium ions that can be observed from Figure 5.3 (fast movement of sodium
influx) and Figure 5.5 (slow movement of potassium efflux).
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Figure 5.5 Transient Outward Current

5.2.4 L-Type Calcium Current I,

The long-lasting calcium current I¢,; constitutes the plateau phase of cardiac action potential.
In fact the release of calcium ions across the membrane is continuous process that takes long
time due to larger size of calcium ions. As the early depolarization of cardiac membrane occurs,
calcium channels are opened. This releases the calcium ions into the intracellular fluid of
cardiac myocyte [96]. As a result, cardiac action potential takes plateau phase, rather rapidly
converging the negative potential values.

L-type calcium current rapidly takes the negative value and gradually increase due to more
release of calcium from sarcoplasmic reticulum reservoir of calcium ions [97]. As long as, the
calcium channels are activated, the slow movement of calcium ions stabilizes the membrane
potential and reaches the steady state value. The change is slope of L-type calcium current can
be observed in Figure 5.6.

5.2.5 Rapid Potassium Current I,

Rapid potassium current is related to the early re-polarization of cardiac membrane. When
sodium ions are moving inside the cardiac membrane and potential tends to increase. At
potential value (40mV), that activates the potassium ion channels. As a result, a rapid outward
movement of potassium ions takes place. The rapid efflux of potassium is due to the electrostatic
force of repulsion between positively charged sodium and potassium ions [72]. The potassium
ion channels only allow potassium ions to move outward while blocking the movement of other
ions across the cardiac membrane.

The waveform of rapid potassium current is manipulated in Figure 5.7. Rapid potassium
current I, quickly tends to increase as the potassium ion channels are activated. The increase
in Iy, is very rapid from O to 0.3 due to strong force of repulsion between positively charged
sodium and potassium ions. As the efflux of potassium reduces the concentration of potassium
in intracellular fluid. Therefore, potassium current gradually increases up to peak value of
current. This gradual increase in potassium current is referred as delayed rectifier current
[98].
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Figure 5.7 Delayed Rapid Potassium Rectifier Current

5.2.6 Slow Potassium Current Iy,

Cardiac Currents

Slow potassium current constitutes the plateau phase of cardiac action potential. During the
cardiac action potential formation, extracellular movement of potassium slows down due to
reduction of electrostatic repulsion between sodium and potassium ions [99]. The reduction
in force of repulsion gives rise in slow potassium current. Slow potassium current gradually
increases its amplitude to the maximum value and follows the similar path to decrease. This
resembles the half wave rectifier that conducts the positive half cycle of alternating current.

The waveform of slow potassium current is delineated in Figure 5.8. The magnitude of current
tends to increase due to movement of potassium ions across the membrane. After reaching the
peak value of current, a decline in potassium current is observed. This constitutes the plateau
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Figure 5.8 Delayed Slow Potassium Rectifier Current

phase of action potential [100].

5.2.7 Inward Potassium Current Ik

Due to extracellular transportation of potassium ions, cardiac membrane lacks the potassium ion
concentration to fire the action potential [101]. To recover the cardiac membrane, potassium
ions need to move inside the cell to fire the action potential for next stimulation. Thus, inward
movement of potassium is energy consuming and is carried by specialized protein channels that
pump the extracellular potassium to intracellular fluid of cardiac membrane. Due to inward
movement of potassium ions, a positive spike of current is generated [102].
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Figure 5.9 Inward Potassium Rectifier Current

The waveform of inward potassium current Iy is depicted in Figure 5.9. The inward potassium
current falls suddenly to its lowest value and after small delay it rapidly increase to its peak
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value [103]. This rapid increase is due to protein molecules that are energetic to transport
extracellular potassium to intracellular fluid.

5.2.8 Sodium-Calcium Exchange Current In.cqi

Sodium calcium exchange current plays a vital role in cardiac action potential down stroke. The
down stroke of cardiac action potential is equivalent to the polarization of cardiac membrane
[104]. During the first phase when cardiac action potential is initiated, sodium is transported
from extracellular to intracellular fluid. Similarly, the effect of calcium ions is opposite to
the flow of sodium ions. The negative spike in sodium-calcium exchange current indicates
the reverse direction of ionic flow that occurred during phase 1 and 2 of cardiac action
potential. The reverse direction indicates the refractory period of cardiac cycle within which no
action potential is generated even receiving the strong stimulation current. Therefore, cardiac
membrane remains inactive during this period when sodium-calcium ions are being exchanged
across the membrane [105]. This process of transportation of sodium and calcium ions is
energy consuming. Thus, the energy level of sarcoplasmic reticulum decreases due to pumping
of calcium ions along with sodium across the cardiac membrane.
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Figure 5.10 Sodium-Calcium Exchange Current

The waveform of sodium-calcium exchange current Iyqc,; is illustrated in Figure 5.10. The
current increases rapidly due to electrostatic force of attraction between sodium-calcium ions
and negatively charged protein molecules of ion channels. However, after activation of ion
channels, sodium and calcium ions are pumped into the cardiac membrane. This causes a net
decrease in sodium-calcium flux and a negative peak of current is reached. From negative peak
value, sodium-calcium exchange current increases asymptotically to achieve the equilibrium of
cardiac membrane [106].

5.2.9 Subspace Sodium-Calcium Exchange Current In.cgss

This current is due to the existence of residues of calcium leakage ions that can be transported
sparsely across cardiac membrane. When cardiac myocyte fires upstroke pulse, these calcium
ions are aligned with potassium ions [107]. Although, these calcium ions are labeled as leakage
ions, however, after firing the upstroke these ions are now the part of delayed calcium ions.
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Due to the presence of positive ions inside the cardiac membrane, an abrupt force of repulsion
is experienced by calcium ions. This causes the net outward flow of positive ions across the
cardiac membrane, in the form of negative current spike [108].
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Figure 5.11 Sodium-Calcium Exchange Current of Subspace Component

The waveform of sodium-calcium exchange current of subspace component Inqcqss is delineated
in Figure 5.11. Observe the negative spike of current due to electrostatic force of repulsion
between positive ions. The net outward flow of positive charges creates negative charge inside
the cardiac membrane [109]. However, cardiac membrane gains electrostatic equilibrium
asymptotically due to slow exchange of calcium ions across the cardiac membrane. It should
be noted that transportation of sodium-calcium is an energy consuming process. The protein
molecules that transport sodium and calcium ions across cardiac membrane, consume energy
extracted from sarcoplasmic reticulum [110].

5.2.10 Sodium-Potassium Exchange Current I,k

Sodium and potassium are the main constituents of cardiac membrane potential. Under resting
condition, cardiac membrane contains intracellular potassium ions and extracellular sodium
ions. The activation pulses from SA node and AV node reaching the cardiac myocyte tends
to stimulate its membrane [111]. Due to activation of cardiac membrane, sodium ions rush
into the cell through sodium ion channels. This causes an abrupt change in cardiac membrane
potential in the form of upstroke. After cardiac spike is initiated, sodium ion channels are
closed, and potassium channels are activated. As a result, outward movement of potassium ions
takes place and down stroke of cardiac membrane is formed. Due to intracellular movement of
sodium ions and extracellular movement of potassium ions, cardiac myocytes adopt a high
impedance state. Under this state, cardiac myocyte is not able to accept any stimulus. Therefore,
cardiac myocyte undergoes a reset process that causes the ejection of internal sodium ions by
protein molecules [112]. This ejection of sodium ions from intracellular fluid causes negative
current pulse as depicted in Figure 5.12.

The outward movement of sodium ions induces a net negative charge in intracellular fluid.
The protein molecules holding negative charge in intracellular fluid attract the potassium
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Figure 5.12 Sodium-Potassium Exchange Current

ions. Thus, the bidirectional transportation of sodium and potassium ions takes place until
the cardiac membrane attains the equilibrium state [113]. The movement of sodium ions
into cardiac membrane and potassium ions outside the membrane is a natural process that
consumes a very small amount of energy. However, transportation of these ions in opposite
direction is energy consuming. The current that arises due to transportation of sodium and
potassium ions across cardiac membrane under the action of protein molecules, is referred as
sodium-potassium exchange current.

5.2.11 Potassium Background Current I

The intracellular potassium ions are important to polarize the cardiac membrane after activa-
tion. Under resting state, intracellular fluid of cardiac membrane contains higher concentration
of potassium ions [114]. When sodium-depending potassium channels are activated by exter-
nal stimulation, potassium ions are transported from intracellular fluid to extracellular fluid.
This causes an abrupt change in cardiac membrane potential towards the negative side. At
the same time, when potassium ions efflux is high, a dedicated reservoir of potassium ions
is activated to slow down the efflux of potassium ions to create the plateau phase of cardiac
action potential. The current that arises due to dedicated reserve of potassium ions is called
potassium background current denoted by Ixy.

The waveform of potassium background current is depicted in Figure 5.13. The slope of
potassium current is relatively greater as compared to the sodium ions due to the larger
molecular mass and larger atomic size of potassium ions. Therefore, the slow transportation of
potassium ions across cardiac membrane reduces the firing frequency of cardiac myocytes. This
feature of cardiac myocytes is responsible to control the cardiac tachycardia and bradycardia
[115].

5.2.12 Sodium Background Current Iy,

Sodium background current is the consequence of upstroke of cardiac action potential. Under
resting state of cardiac membrane, sodium ions are in higher concentration in extracellular
fluid. After stimulation, sodium channels are activated, and sodium ions approaches the
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Figure 5.13 Potassium Background Current

intracellular fluid [116]. This causes an abrupt increase in cardiac membrane potential. The
inward movement of sodium ions is a natural process that consumes very small amount of
energy. Rather this transportation is due to electrostatic interactions between charges. When
intracellular fluid is saturated by sodium ions, the further transportation of sodium ions is
ceased. This causes the cardiac membrane inactive to further capture the input for activation.
This state of cardiac membrane is called high impedance state [117].
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Figure 5.14 Sodium Background Current

Cardiac membrane remains active for the input current until the membrane is polarized. The
intracellular transportation of sodium ions causes depolarization of membrane [118]. To
repolarize the cardiac membrane, dedicated protein molecules are activated. These protein
molecules act as energy pumps to transport the intracellular sodium ions to extracellular fluid.
This transportation causes sodium background current Iy, as depicted in Figure 5.14. Initially,
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the magnitude of sodium background current is small due to the electrostatic interactions
between positively charged sodium ions and negatively charged protein ions. Once the con-
centration of sodium ions in intracellular fluid is reduced, protein pumps more effectively
transport further sodium ions to extracellular fluid. This causes increase in magnitude of slope
of sodium background current [119].

5.2.13 Calcium Background Current I,

Calcium ions play a vital role in controlling the firing frequency of cardiac myocytes due to
their larger size and molecular mass as compared to sodium and potassium ions. During the
formation of plateau phase, a net inward movement of calcium ions takes place from dedicated
reserve of calcium, sarcoplasmic reticulum (SR). The opening of SR channels decides the dura-
tion of plateau phase [120]. Once the calcium is injected into the cardiac membrane, further
transportation of calcium from SR is blocked until the calcium is removed from intracellular
fluid. The inward movement of calcium is a natural process that consumes very small amount
of energy that comes from electrostatic interactions between charges. However, extracellular
transportation is energy consuming. Therefore, dedicated protein molecules that act as energy
pumps are activated. These energy pumps transport calcium ions from intracellular to extra-
cellular fluid. The transportation of calcium ions is highly energy consuming process due to its
heavy and larger molecular size [121].
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Figure 5.15 Calcium Background Current

The waveform of calcium background current is manipulated in Figure 5.15. Initially the
magnitude of slope of Iy, is small due to electrostatic interactions between positively charged
calcium ions and negatively charged protein molecules. Once the concentration of calcium
ions in intracellular fluid is reduced, protein pumps effectively transport the calcium ions from
intracellular to extracellular fluid [122].

5.2.14 Calcium pump Current I ¢,

The role of calcium ions in the generation of cardiac action potential is of key importance.
Unlike sodium and potassium ions, calcium ions are heavier and larger in molecular size.
Moreover, charge on calcium ions is twice that of sodium and potassium ions [123]. Therefore,
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transportation of calcium ions across cardiac membrane is slow compared to sodium and
potassium ions. However, the effect of calcium ions on cardiac membrane potential is very
significant due to twice the magnitude of electric charge. Under the resting state of cardiac
membrane, calcium ions can easily be absorbed by the membrane. However, when upstroke of
cardiac action potential takes place, cardiac membrane is highly depolarized. This causes a net
gradient of electrostatic force of repulsion offered by sodium and potassium ions together, to
cease the movement of calcium ions. This repulsive force activates the potassium ion channels.
As a result, potassium rush to extracellular fluid by creating space for calcium ions [124]. The
calcium ions require energy to overcome the electrostatic force of repulsion. The proteins
molecules in the form of energy pumps are activated to transport the calcium ions into the
cardiac membrane. The current that arises due to the pumping of calcium ions into cardiac
membrane is called calcium pump current.
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Figure 5.16 Calcium pump Current

The waveform of calcium pump current I ¢, is delineated in Figure 5.16. I, initially increases
abruptly due to concentration gradient. However, depositing calcium ions in intracellular fluid
reduces further transportation of calcium ions due to electrostatic force of repulsion. Therefore,
the magnitude of calcium pump current decreases asymptotically.

Calcium Fluxes

The most important feature of cardiac myocytes is the conversion of electrical pulses into me-
chanical function. The electro-mechanical function of cardiac myocytes is termed as excitation-
contraction coupling that involves the complex dynamics of ions exchange. The role of calcium
is very significant in excitation-contraction coupling due to its larger atomic size, larger atomic
mass and carrying +2 charge on each ion equivalent to the protein molecules that acts as
voltage regulators [125]. The calcium fluxes that involve excitation-contraction coupling are
described briefly in the following subsections.




5 Results and Discussions: Cardiac Myocyte 5.3 Calcium Fluxes

5.3.1 Calcium Leakage Flux from Network Sarcoplasmic Reticulum Jj.qx

Sarcoplasmic reticulum is the calcium internal reserve that acts as energy pump during cardiac
action potential formation [126]. Under resting state, a small amount of all ions that involves
cardiac action potential formation, exists in extracellular fluid. These ions act as signaling
current to the ion channels that are activated at particular potential value [127]. The sarcoplas-
mic reticulum tends to release the small amount of calcium at resting state to maintain the
equilibrium of cardiac membrane. This small amount of calcium released from sarcoplasmic
reticulum is called calcium leakage flux denoted by Jjeqx.
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Figure 5.17 Calcium Leakage Flux from Network Sarcoplasmic Reticulum (NSR)

The waveform of calcium leakage flux from network sarcoplasmic reticulum is depicted in
Figure 5.17. Initially, Ji.qx follows a short negative pulse due to force of repulsion between
calcium ions and leakage ions present in extracellular fluid. The instant when leakage channels
of sarcoplasmic reticulum are activated, calcium ions face the repulsive force. Thus Jjeq is
started from negative pulse indicating the opening of leakage channels [128].

Due to larger size and holding +2 charge, calcium repels the positive ions from extracellular
fluid. This creates a gap in positive charges in extracellular fluid. As a result, a larger amount
of calcium is released from sarcoplasmic reticulum to accommodate the concentration gradient.
This causes an increase in Jiq, which can be observed in Figure 5.17. Once the concentration
gradient of calcium is balanced by leakage ions in extracellular fluid, the electrostatic gradient is
activated. Due to electrostatic interactions between positively charged calcium ions and leakage
ions, calcium ions gradually became transported into sarcoplasmic reticulum. This causes the
net decrease in calcium flux asymptotically that can be observed in Figure 5.17.

5.3.2 Calcium Release Flux from Junctional Sarcoplasmic Reticulum J,.;

Cardiac myocytes are strongly coupled with sarcoplasmic reticulum by active junctions. When-
ever, sodium ions abruptly transported into cardiac membrane, a signal is transmitted to the
sarcoplasmic reticulum to release the calcium ions in proportion to the signal strength [129].
Depending upon the signaling pathway activated by fast inward sodium current, calcium is re-
leased from sarcoplasmic reticulum. The flux of calcium released from junctional sarcoplasmic
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reticulum is denoted by J,.;.
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Figure 5.18 Calcium Release Flux from Junctional Sarcoplasmic Reticulum (JSR)

The waveform of calcium release flux from junctional sarcoplasmic reticulum J,; is illustrated
in Figure 5.18. The release of calcium in this case depends upon the sodium signaling. Thus
Jrer is sodium dependent calcium flux. From cardiac action potential formation perspective, we
know that sodium ions transported into cardiac membrane abruptly. This causes an upstroke in
cardiac action potential. Similar behavior can be observed in J,.; depicted in Figure 5.18. Due
to rapid inward flux of sodium ions, a strong signaling current is communicated to junctional
sarcoplasmic reticulum. The junctional sarcoplasmic reticulum releases the amount of calcium
in proportion to the signal strength. Thus a spike of calcium flux is observed in the form of J,
as delineated in Figure 5.18.

Due to the larger size of calcium ions, micro-tubules of cardiac myocyte tend to expand.
Moreover, carrying +2 charge repels the intracellular sodium and potassium ions. Thus, the
abrupt release of calcium into intracellular fluid from junctional sarcoplasmic reticulum expands
the cardiac membrane for short interval of time. This expansion is referred as excitation of
cardiac myocyte [130].

5.3.3 Calcium Flux from Network to Junctional Sarcoplasmic Reticulum J.

The calcium reservoir in sarcoplasmic reticulum is due to the interaction of calcium ions and
negatively charged protein ions. Due to sodium signaling, calcium from junctional sarcoplasmic
reticulum decreases abruptly. This causes protein molecules to attract more calcium ions
to establish electrostatic equilibrium inside sarcoplasmic reticulum [131]. Therefore, due
to electrostatic gradient, calcium from network sarcoplasmic reticulum transported towards
junctional sarcoplasmic reticulum. This calcium flux is denoted by J,,.

The waveform of J,, is depicted in Figure 5.19. The flux initially increases abruptly due to
electrostatic interactions. Once the electrostatic equilibrium is established, the concentration
gradient is activated. Therefore, a reverse flux of calcium takes place that reduces the calcium
concentration. This process continues until concentration gradient vanishes. Thus the behavior
of asymptotic decay is observed in Figure 5.19. The asymptotic behavior of calcium transporta-
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Figure 5.19 Calcium Flux from Network Sarcoplasmic Reticulum (NSR) to Junctional Sarcoplasmic
Reticulum (JSR)

tion across sarcoplasmic reticulum enhances the time interval of cardiac excitation. Therefore,
network of cardiac myocytes synchronized in this manner can take more blood to pump.

5.3.4 Calcium Uptake Flux from Cytosol to Network Sarcoplasmic Reticulum J,,

The transportation of calcium from network to junctional sarcoplasmic reticulum is a natural
process that consumes small amount of energy due to electrostatic interactions and concen-
tration gradient. Due to this transportation, calcium concentration in network sarcoplasmic
reticulum is reduced. To maintain concentration equilibrium in network sarcoplasmic reticu-
lum, calcium from cytosol reservoir is transported towards network sarcoplasmic reticulum.
This transportation of calcium causes contraction of cardiac micro-tubules.
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Figure 5.20 Calcium Uptake Flux from Cytosol to Network Sarcoplasmic Reticulum (NSR)
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Table 5.2 Values of Model Parameters (MPs) for simulation of cardiac myocytes of different species

MPs Human Dog Cat Zebrafish ~ Guinea Pig  Rabbit  Mouse Rat
a 0.03 0.03 0.07 0.5 0.03 0.03 0.03 0.03
b -6 -6 -6 3 -2 -2 -2 -2

C 50puF 50puF 50pF 50puF 50puF 50puF 100puF 50puF
d 25 25 25 25 20 5 4 10

k 0.5 0.5 0.5 0.5 0.7 0.5 0.5 0.7
f 0.25 0.25 0.25 0.25 0.15 0.2 0.25 0.5
Vy -60mV  -60mV  -60mV -60mV -46mV -41mV  -60mV  -60mV
Vg 70mV 70mV  70mV 70mV 70mV 70mV ~ 70mV 70mV
Vea 45mV 50mV 40mV 45mV 30mV 25mV 0 0

Ry 5MQ 5MQ 5MQ SMQ S5MQ SMQ 3.8MQ 0.2MQ
R¢q 5MQ 5MQ 5MQ SMQ SMQ SMQ 0 0

R 95MQ 95SMQ  95MQ 95MQ 95MQ 95MQ  95MQ 0

The waveform of calcium uptake flux from cytosol to network sarcoplasmic reticulum J,
is depicted in Figure 5.20. J,, increases abruptly due to electrostatic interactions between
positively charged calcium ions and negatively charged protein ions. As a result positive
peak in J,;, is observed in Figure 5.20. Due to concentration gradient, calcium ions maintain
concentration equilibrium gradually and reversibly. The behavior of concentration gradient is
asymptotic as observed in Figure 5.20. Therefore, cardiac micro-tubules undergo a contraction
process to pump the blood. Hence the electrical signaling from ion channels acts as mechanical
function to activate the complex process of excitation-contraction coupling of cardiac myocytes.

Cardiac Action Potential of Different Species

Cardiac action potential is the electrical signal generated by cardiac myocyte under the action of
strong stimulation current. The external stimulation current from sin-atrial node reaching the
cardiac membrane activates the ion channels. This process depolarizes the cardiac membrane
and action potential pulse is generated. The variation in waveform of cardiac myocyte action
potential for different species depends upon the ion channel dynamics. The ion channels
behavior under certain conditions is quite different. Therefore, the corresponding cardiac
action potential varies from normal waveform as depicted in Table 5.2 for different species.
The calcium concentration alters the plateau phase in membrane potential of each species
and gradual decrease in calcium ion concentration in the form of calcium potential. In case of
mouse and rat, plateau phase is negligible due to very small release of calcium from internal
reserve of sarcoplasmic reticulum. Therefore, intra-cellular and extra-cellular dynamics of
calcium ions are the key factors in the plateau phase of action potential generation of cardiac
myocytes.

5.4.1 Cardiac Myocytes in Human

The action potential of cardiac myocytes in human heart is specialized in linking electrical
activity with mechanical function. The mechanical function of cardiac myocytes is complex
process that involves the interactions of ion channels in the form of excitation-contraction
coupling. To develop the computational model for cardiac action potential of human cardiac
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myocytes, we need to distinguish the ionic dynamics in cardiac membrane. The main ions in
cardiac membrane potential generation in human cardiac myocytes are sodium, potassium and
calcium ions. Sodium and potassium carry +1 electric charge while calcium ions contain +2
electric charge. The pace-making cells in sin-atrial node continuously generate current pulses
that reach the cardiac myocytes. Under resting state, intracellular fluid contains potassium
while extracellular fluid is enriched by sodium ions [132]. When strong stimulation current
approaches the cardiac membrane, sodium channels are activated. This process allows the
extracellular sodium to move inside the cell. Thus cardiac membrane tends to depolarize and
potential of cardiac membrane increases due to transportation of positive ions into the cell as
depicted in Figure 5.21.

Cardiac membrane is saturated by sodium ions and a strong electric potential is developed
across membrane. This potential activates the potassium channels, allowing the intracellular
potassium to move outside the cell. Meanwhile, sodium channels are closed, to block the
outward flow of sodium. The extracellular movement of potassium drops the membrane
potential causing the membrane to re-polarize. During re-polarization process, calcium ion
channels are activated. A net influx of calcium takes place that gradually decrease the membrane
potential as illustrated in Figure 5.21. This process regulates the plateau phase of cardiac
action potential. The formation of cardiac action potential is due to three types of ions that
generate certain potential across cardiac membrane. While modeling the cardiac membrane
potential, we need to consider the potential generated by these ions.
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Figure 5.21 Action potential of human cardiac myocyte

The mathematical model of human cardiac myocyte is defined by Equations 5.1, 5.2, 5.3 and
5.4. In Table 5.2, the potential generated by potassium, sodium and calcium ions across cardiac
membrane is denoted by V,, Vs and V¢, respectively. The value to V, is negative due the fact
that although potassium ions are positively charged, however their effect of cardiac membrane
in negative. Similarly, the effect of sodium and calcium ions on cardiac membrane is increasing,
therefore, Vg and V¢, are taken positive. The effect of calcium potential on plateau phase
can be observed in Figure 5.21. For human cardiac myocyte action potential, plateau phase
is raised by small amount due to higher concentration of calcium in network and junctional
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sarcoplasmic reticulum. The time constant upstroke ions are denoted by a and its value is
taken as 0.03. Similarly, the time constant of membrane recovery parameter u is denoted by b
and its value is taken as -6. The negative value represents decaying of membrane potential
from peak value. The recovery of membrane potential is an energy consuming process, carried
by protein molecules that are negatively charged. These protein molecules act as energy
pumps to transport the ions across cardiac membrane to recover the polarization of cardiac
membrane. Therefore, the value of time constant b for membrane recovery parameter is
assumed as negative.

5.4.2 Cardiac Myocytes in Dog

The cardiac action potential in dog is slightly different from human due to higher concentration
of calcium. The mechanical function of cardiac myocytes in dog is much faster than human.
The excitation-contraction coupling of cardiac myocytes in dog is controlled by calcium ions
present in sarcoplasmic reticulum. Under resting state, cardiac membrane is in equilibrium with
intracellular potassium and extracellular sodium ions. When cardiac membrane is depolarized
by external stimulation current, sodium ions are transported towards intracellular fluid. This
causes an upstroke of cardiac action potential. The influx of sodium ions generates a strong
signaling pathway for calcium ions in sarcoplasmic reticulum [133]. As a result, a larger
amount of calcium is released into intracellular fluid. Higher efflux of calcium raises the
plateau phase of cardiac action potential in dog as depicted in Figure 5.22.
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Figure 5.22 Action potential of dog cardiac myocyte

The higher concentration of calcium transported from sarcoplasmic reticulum to cardiac
membrane of dog creates a concentration gradient. Moreover, negatively charged protein
ions are activated inside the network sarcoplasmic reticulum. This causes a net force to
transport calcium into sarcoplasmic reticulum. The strong electrostatic interactions between
positively charged calcium ions and negatively charged protein molecules transfer the excessive
calcium faster inside the sarcoplasmic reticulum. Moreover, concentration gradient also exerts
strong force to transfer calcium ions inside junctional sarcoplasmic reticulum. The abrupt
transportation of calcium ions causes the fast excitation-contraction coupling of cardiac muscles
in dog. Therefore, the heart rate of dog is more stable than human, under the action of external
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stimulation.

5.4.3 Cardiac Myocytes in Cat

Electrical response of cardiac myocytes in cat is due to sodium and potassium ions. The
calcium transportation in cat cardiac myocyte is slow, therefore, plateau phase is almost linearly
decreasing as illustrated in Figure 5.23. Under resting conditions, sodium ions tend to move
inside the cardiac membrane. When strong stimulation current approaches cardiac membrane,
depolarization of membrane takes place. Sodium channels are opened, and sodium ions are
transported into the cell. This increases the cardiac action potential in positive direction until
potential peak is reached. At This point, sodium channels are closed, and potassium channels
are activated [134]. As a result, potassium ions are transferred outside the cardiac membrane.
This causes cardiac membrane to re-polarize and membrane potential decreases. During this
early re-polarization after upstroke, a small amount of calcium is transported into cardiac
membrane. This causes a faster decrease in cardiac action potential from plateau phase to
down stroke as depicted in Figure 5.23.
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Figure 5.23 Action potential of cat cardiac myocyte

The variation in model parameters a and V¢, for cat cardiac myocytes can be observed in
Table 5.2. The value of time constant a that re-polarizes the cardiac membrane after upstroke
is increased from 0.3 to 0.7. This causes a gradual inward flow of calcium from network
sarcoplasmic reticulum to cardiac membrane. The gradual transportation of calcium from
sarcoplasmic reticulum causes electrostatic and concentration gradient. Therefore, to maintain
equilibrium for cardiac membrane to accept next strong stimulation, sarcoplasmic reticulum
needs to be reset. For this purpose, protein molecules are activated that acts as energy pumps to
transport calcium into network and junctional sarcoplasmic reticulum [135]. The transportation
of calcium into sarcoplasmic reticulum brings the cardiac membrane to its resting state.

5.4.4 Cardiac Myocytes in Zebra-fish

The electrical response of cardiac myocyte in zebra-fish is manipulated in Figure 5.24. The
cardiac action potential is initiated from -80mV resting potential. When cardiac membrane
is in an equilibrium state, extracellular fluid is saturated with sodium ions. When strong
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stimulation current approaches cardiac membrane, an upstroke of action potential is generated.
When cardiac action potential reaches its apex, sodium channels are closed and net efflux of
potassium takes place. During early re-polarization phase of action potential, calcium channels
are activated. This causes the transportation of calcium ions into cardiac membrane [136].
As a result, a stable plateau phase of action potential is generated as depicted in Figure 5.24.
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Figure 5.24 Action potential of zebra-fish cardiac myocyte

The computational model of cardiac action potential for zebrafish is defined by Equations
5.1, 5.2, 5.3 and 5.4. The values of model parameters are listed in Table 5.2. The value of
cardiac membrane potential time constant a is taken 0.5, larger than human and dog due to
late potassium and calcium ions. Similarly, time constant for membrane potential recovery
parameter b is positive due to L-type calcium ions. L-type calcium and potassium ions tends to
fire small potential spike after down stroke of cardiac action potential as depicted in Figure
5.24.

5.4.5 Cardiac Myocytes in Guinea Pig

The electrical response of cardiac myocyte in guinea pig is due to sodium, potassium and
calcium ions. The sinoatrial node and atrioventricular node generate electrical pulses that
approach cardiac myocyte to depolarize its membrane. The sin-atrial node contains natural
pace-making cells that activate the cardiac ionic channels. On the other hand, atrioventricular
node introduces delays in cardiac action potential during tachycardia. Under resting condition,
intracellular fluid contains potassium while extracellular fluid is saturated with sodium ions.
The electrical pulses from sin-atrial node reach the cardiac membrane. Depending upon
strength of pulse, sodium ion channels are activated. As a result, extracellular sodium ions are
transported into intracellular fluid [137]. This causes an abrupt increase in cardiac membrane
potential as delineated in Figure 5.25.

Cardiac membrane is saturated by sodium ions and a strong electric potential is developed
across membrane. This potential activates the potassium channels, allowing the intracellular
potassium to move outside the cell. Meanwhile, sodium channels are closed, to block the
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outward flow of sodium. The extracellular movement of potassium drops the membrane
potential causing the membrane to re-polarize. During re-polarization process, calcium ion
channels are activated. A net influx of calcium takes place that gradually decrease the membrane
potential as illustrated in Figure 5.25. This process regulates the plateau phase of cardiac
action potential. The formation of cardiac action potential is due to three types of ions that
generate certain potential across cardiac membrane. While modeling the cardiac membrane
potential, we need to consider the potential generated by these ions.
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Figure 5.25 Action potential of guinea pig cardiac myocyte

The mathematical model of guinea pig cardiac myocyte is defined by Equations 5.1, 5.2, 5.3
and 5.4. In Table 5.2, the potential generated by potassium, sodium and calcium ions across
cardiac membrane is denoted by V,, Vs and V¢, respectively. The value to V, is negative due
the fact that although potassium ions are positively charged, however their effect of cardiac
membrane in negative. Similarly, the effect of sodium and calcium ions on cardiac membrane is
increasing, therefore, Vs and V¢, are taken positive. The effect of calcium potential on plateau
phase can be observed in Figure 5.25. For guinea pig cardiac myocyte action potential, plateau
phase is flattened by small amount due to lower concentration of calcium in network and
junctional sarcoplasmic reticulum. The time constant upstroke ions is denoted by a and its
value is taken as 0.03. Similarly, time constant of membrane recovery parameter u is denoted
by b and its value is taken as -2. The negative value represents decaying of membrane potential
from peak value. The recovery of membrane potential is an energy consuming process, carried
by protein molecules that are negatively charged. These protein molecules act as energy
pumps to transport the ions across cardiac membrane to recover the polarization of cardiac
membrane. Therefore, the value of time constant b for membrane recovery parameter is
assumed as negative. The calcium concentration in sarcoplasmic reticulum reservoir of guinea
pig is lesser than human. Therefore, plateau phase of guinea pig cardiac action potential is
flatter as compared to human.

5.4.6 Cardiac Myocytes in Rabbit

The electrical response of cardiac myocyte in rabbit is primarily due to sodium, potassium and
calcium ions. The concentration of calcium ions in rabbit cardiac action potential is low as
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compared to guinea pig. Therefore, plateau phase of rabbit cardiac action potential is slow
decaying function of membrane potential as delineated in Figure 5.26. Under resting conditions,
extracellular fluid of cardiac membrane contains higher concentration of sodium ions. When
a strong stimulation current approaches cardiac membrane, an upstroke of action potential
is generated. This causes an increase in cardiac membrane potential due to depolarization.
The action potential reaching its apex causes potassium channels activation. As a result, re-
polarization of cardiac membrane takes place. During re-polarization process, calcium channels
are activated. The drop in cardiac potential possess a weak electrical potential on calcium
ion channels. Therefore, small amount of calcium ions is transferred into intracellular fluid
[138]. Due to low calcium concentration in intracellular fluid, cardiac membrane potential
continuously decay from its peak value as depicted in Figure 5.26. However, the rate of cardiac
membrane potential decay is slow due to larger size and molecular mass of calcium.
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Figure 5.26 Action potential of rabbit cardiac myocyte

The values of model parameters of rabbit cardiac action potential are listed in Table 5.2. The
cardiac membrane potential time constant a for rabbit is same as that of guinea pig. However,
time constant b of membrane recovery parameter u is changed from -6 to -2 due to small
amount of calcium transportation in intracellular fluid. Due to low calcium concentration,
calcium induced potential value is also decreased. The value of calcium induced potential V¢,
is taken as 25mV for rabbit cardiac myocyte.

5.4.7 Cardiac Myocytes in Mouse

The cardiac action potential of mouse cardiac myocyte is manipulated in Figure 5.27. The
waveform of mouse cardiac action potential is exponentially decaying function. The slope
of time constant depends upon the efflux of calcium ions being transported into cardiac
membrane. Under equilibrium state, intracellular fluid of mouse cardiac myocyte is enriched
with potassium ions. When strong stimulation current depolarizes the cardiac membrane,
calcium channels are activated. This calcium defines the frequency of mouse cardiac action
potential. The strength of potassium current that re-polarizes cardiac membrane is weak,
therefore, calcium channels of sarcoplasmic reticulum are partially activated [139]. This causes
slow transportation of calcium across cardiac membrane.
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Figure 5.27 Action potential of mouse cardiac myocyte

The values of model parameters of mouse cardiac myocyte is listed in Table 5.2. The value of
time constant b for membrane potential recovery parameter u is assumed -2 due to partially
activation of calcium channels. Observe the value of membrane capacitance for mouse as
100puF. This value of membrane capacitance increases the decaying time constant of membrane
potential. The value of calcium induced potential is taken zero due to low concentration of
calcium ions transported by sarcoplasmic reticulum.

5.4.8 Cardiac Myocytes in Rat

The cardiac action potential of rat cardiac myocyte is depicted in Figure 5.28. The cardiac action
potential of rat resembles with action potential of neuron. The absence of plateau phase in rat
cardiac action potential is the very low concentration of calcium ions in network sarcoplasmic
reticulum. Under resting state, extracellular fluid of cardiac membrane is saturated by sodium
ions and small amount of calcium ions. The role of calcium ions in rat action potential generation
is like leakage ions that can be transported across cardiac membrane. When cardiac membrane
is depolarized by strong stimulation current, only small amount of calcium is transported in
intracellular fluid [140]. Therefore, a very narrow plateau phase is observed in cardiac action
potential of rat as illustrated in Figure 5.28.

The model parameters of rat cardiac myocyte are listed in Table 5.2. Observe the values
of calcium induced potential V¢, and resistance of potassium channels R;. The low value
of calcium concentration in intracellular fluid of rat cardiac membrane induces negligible
potential that can be approximated as zero. Similarly, low resistance of potassium channels
indicates fast movement of potassium ions from intracellular to extracellular fluid. This causes
an abrupt decrease in cardiac membrane potential towards polarization. The fast polarization
and depolarization of rat cardiac action potential is depicted in Figure 5.28.
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Figure 5.28 Action potential of rat cardiac myocyte

Cardio-Neural Network

Cardio-Neural Network refers to the communication pathways between brain, heart and
autonomic nervous system. Unlike neurons, cardiac action potential is prolonged due to
plateau phase. This phase is due to the transportation of calcium ions across cardiac myocyte
membrane. While dealing with neural network, we consider the firing of neuron as point
in time domain. In case of cardiac myocyte, this concept is contradictory. Therefore, point
excitability model is not applicable for cardiac myocytes due to prolonged action potential
duration.

To model the network of cardiac myocytes, we consider the features of adrenergic receptors.
Whenever cardiac myocyte is fired, an upstroke of spike is generated along with beta adrenergic
receptor. The neurons sensitive to beta adrenergic receptors also fired to send the signal to
brain. Similarly, when down-stroke of cardiac action potential takes place, alpha adrenergic
receptors are released. The neurons sensitive to alpha adrenergic receptors also fired to send
the signal to brain. Thus, the brain holds the information of firing of each cardiac myocyte by
alpha and beta neurons. Therefore, if we want to model the network of cardiac myocytes, we
need to model the firing patterns of alpha and beta neurons [141].

For simulation of large-scale heart model, we assume a network of 1000 neurons coupled with
cardiac myocytes. It is clear from previous discussion that firing of beta-adrenergic neuron, is
the triggering of cardiac myocyte itself. To stimulate the cardiac myocyte, we assume random
synaptic current within the range of cardiac ionic currents. For simulation of cardio-neural
network, we assume alpha neurons (AN) and beta neurons (BN) depending upon the sensitivity
of neurons towards corresponding adrenergic receptors. To distinguish between neurons, we
associate a random variable r to cardio-neural network distributed uniformly over the interval
[0,1]. If the random variable r returns the value 1, the corresponding neuron will be labeled as
beta neuron, similarly, value of 0 will reflect alpha neuron.

To study the heterogeneity in cardio-neural network, we define the model parameters in terms
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Figure 5.29 (a) Cardio-neural network of 1000 neurons synchronized with upstroke of 1000 cardiac
myocytes. (b) Collective behavior of neural network to estimate the occurrence of heartbeat.
(c) Inter-beat-interval-difference calculated from inter-beat-interval.

of random variable r as a = 0.02 + 0.8r, b = 0.2 + 0.05r, ¢ = —65 + 1512, d = 8 — 6r> where, ¢
is reset value of membrane potential and d is the step size of membrane potential recovery
parameter u. The response of 1000 cardiac myocytes coupled with alpha and beta neurons
is depicted in Figure 5.29. Each dot in Figure 5.29a represents the firing of beta neuron,
manipulating the firing of corresponding cardiac myocyte associated with it. Figure 5.29b
elucidates the superposition of firing of neurons at particular instant of time. This constitutes
the spiking pattern of cardio-neural network equivalent to the heart beats. From heart beats
we can calculate heart rate variability, one of the key indicator of healthy heart as illustrated in
Figure 5.29c.

Heart rate variability (HRV) is the root mean square of successive difference (RMSSD) between
heart beats. To find HRV, we first calculate the time indices of heart beats from Figure 5.29b.
From Figure 5.29b, the indices of heart beats are [0.386 0.804 1.683 2.168 2.52 3.332 4.448
4.825]. To find the successive difference between heart beats, we calculate the inter-beat
interval vector (IBI) as [0.418 0.879 0.485 0.352 0.812 1.116 0.377]. Next, we find the
inter-beat interval difference (IBID) vector by evaluating the successive difference of IBI as
[0.461 0.394 0.133 0.46 0.304 0.739]. The variance of IBID (RMSSD) is referred as HRV and
is manipulated in Figure 5.29(c).

RMSSD(IBID) = Var(IBID) = 40ms.

Value of HRV varies from 30ms to 150ms depending upon the physique, age and fitness of the
subject. A higher value of HRV refers to a healthy heart. Value of HRV drops gradually due
to aging. Therefore, under normal conditions, 40ms HRV is referred to as a healthy elderly
subject.

During the past few years, a remarkable development in the field of intelligent implants has
been observed. Due to nature’s masterpiece, the brain, with its exceptional accuracy, brain-
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organ interfaces have been developed. One of the key outcomes of this study is the brain-heart
interface, where heart control is monitored directly from brain signals. Thus, by introducing
suitable implants, it is expected to reduce the risk of morbidity before its occurrence.

EXY Pancreatic Cells

The number of victims of diabetes increasing across the globe due to abnormalities in glucose
concentration in the blood. Researchers are investigating the phenomenon behind glucose
abnormalities through clinical trials and computer simulations. It is believed that glucose
homeostasis is established by the brain through the sympathetic and parasympathetic nervous
system, however, the underlying mechanism is unclear. For this purpose, computational models
of pancreatic cells have been proposed to understand the brain’s control of pancreatic activities.
Pancreatic cells are specialized to control glucose homeostasis by «, 8, and § pancreatic cells.
a-cells release glucagon when glucose level in blood is low while 8 and §-cells secrete insulin
when glucose level in blood is high. The simplest model to estimate the electrical activity of
pancreatic cells can be written as:

CV =k(V =V,)f(V =Vip) —u+Vy +Vg +RI (5.5)
U =a(bV —u) (5.6)
Glucagon induced potential can be defined as:
VC{ = Vglue_(t_nf)/Tk
Insulin induced potential can be manipulated as:
Vg = Vinse_(t_nT)Z/TC“
The ion dependent excitation current can be defined as:

I = Ing + Icar + Ican + Icar + Ik + Ix(arp) + Ika + I + Isoc
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Figure 5.30 (a) Pancreatic a-cells, when the glucose level is low, the threshold of the cell is constant. (b)
Pancreatic B-cells, when glucose level exponentially approaches the peak. (c) Pancreatic
§-cells, when glucose level exponentially decays from the peak.
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Readers interested to find the details of ionic current I can consult [26]. After spike potential,
from hyper-polarization to resting potential can be approximated as:

vV, Vt
IfV >Vy; thenv=<_"7" (5.7)
V., V(t+1)
Vip = Vglue_(t_nr)/Tk + Vinse_(t_nT)z/Tca (5.8

For implementation of model described by Equations 5.5, 5.6, 5.7 and 5.8, Euler method

Table 5.3 Values of model parameters for simulation of pancreatic cells

Parameters a-Cells B-Cells 5-Cells
a 0.03 0.02 0.02
b -2 -5 -1
c 0 50puF 50puF
d 100 50 60
k 1 3 0.3
f 0.1 0.05 0.2
Velu 0 35mV 35mV
Vins 0 30mV 40mV
Vea 0 70mV 70mV
Ry 0 5MQ 5MQ
Req 0 5MQ 5MQ
R 95MQ 95MQ 95MQ

is utilized to evaluate membrane potential as V(k + 1) = V(k) + hV' (k), where () illustrates
first-order derivative with respect to time. The spiking behavior of a-cells is delineated in
Figure 5.30a, where the glucose concentration in the blood is quite low. Figure 5.30b illustrates
B-cells when insulin secretion is exponentially increasing. Figure 5.30c depicts §-cells when
insulin level is decaying exponentially from the maximum value. Observe the effect of glucagon
and insulin concentration on the threshold as illustrated in Equation 5.8. The values of model
parameters for simulation of a, 8 and § pancreatic cells are listed in Table 5.3.

Summary

In this chapter hybrid excitable cell model is extended to represent the electrophysiological
behavior of cardiac myocyte. The electrical response of cardiac myocyte is divided into six
phases depending upon the ion channel dynamics. These six phases are labeled as stimulation,
upstroke, early re-polarization, plateau, hyper-polarization and resting. During each phase
certain ion channels are activated and transportation of ions across cardiac membrane takes
place. Unlike neuron, cardiac action potential is prolonged. The duration of cardiac action
potential depends upon sodium, potassium and calcium signaling that completes the cardiac
action potential cycle. The model is further extended to pancreatic cells by introducing
glucagon and insulin induced potentials. The spiking behavior of «, B and § pancreatic cells is
reproduced, where glucagon and insulin concentrations alter the threshold of the cell. This
extension provides a basis to study the control of glucose homeostasis by the brain through the
autonomic nervous system.
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& KEY TAKEAWAYS

> SA- and AV-node pulses and «/B-adrenergic terms extend the HEC model to cardiac
myocytes, whose action potential has six phases. 1

> Fourteen ionic currents and four calcium fluxes (Jieqk, Jret, Jir, Jup) are reproduced
and explained.

> Calcium released from the sarcoplasmic reticulum shapes the plateau; in mouse and
rat it is almost absent.

> A cardio-neural network of 1000 myocytes coupled to a/f neurons yields heartbeats
and a heart rate variability (RMSSD) of about 40 ms.

> With glucagon- and insulin-induced potentials, the same model reproduces the spiking
of pancreatic «, 8 and § cells, which is a step towards modelling how the brain controls
glucose levels.
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This thesis proposed one behavioural model, the Hybrid Excitable Cell model, for the excitable
cells of the body, tested it against recordings of cortical neurons, extended it to the cardiac
myocyte and the pancreatic cell, and coupled heart and brain in a cardio-neural network.
The conclusion of that work is practical: the model is small enough to be built. This chapter
therefore does not repeat the earlier chapters. It describes what has been built from them since,
a family of chips called NeuroBit64 and the mobile applications that display their reports, what
advantages such chips and applications can offer, and what remains to be done.

From Model to Silicon: the NeuroBit64 Chip Family

The binary representation of neural firing described in Section 4.3, and the cardio-neural
network of Chapter 5, were carried one step further after the simulations of this thesis were
completed: they were written as digital circuits. The result is a family of four designs, called
NeuroBit64, that share one architecture. The first design is a brain chip; the other three are
variants of it for the heart, the pancreas and the kidney. All four are described in Verilog,
were verified against software models that use the same integer arithmetic, and are available
in public repositories [142, 143, 144, 145]. None of them has been fabricated. This section
reports what was designed and tested, and Section 6.1.7 states what has not been shown.

6.1.1 NeuroBit64: the Brain Chip

NeuroBit64 is the hardware form of the bit matrix of Section 4.3. Sixty-four neurons share one
neuron circuit. In every tick each neuron reads an 8-bit input sample, updates its membrane
value and decides 1 (fire) or O; the 64 decisions form one 64-bit word, which is exactly one
entry of the bit matrix, and the word is sent to a serial memory on three pins. The neuron is
either a threshold neuron or a leaky integrate-and-fire neuron. In the serial version of the chip
(NeuroBit64-S) a clock of 50 MHz gives 97,656 words per second. The complete test of 1.6
billion words, that is 102.4 billion decision bits (the number of neurons of the human brain
used in Section 4.3), was run with the software model, and the Verilog description was shown
to produce identical words in seven configurations.

NeuroBit64-S is the only member of the family for which a mask layout exists (Figure 6.1).
The layout was produced with the open SkyWater 130 nm process design kit through the Tiny
Tapeout flow [146]. It contains 3,172 standard cells on an area of about 0.33x0.22 mm, passed
the design-rule and layout-versus-schematic checks without errors, and meets the 50 MHz
timing with a margin of 4.45 ns in the slowest corner [142].

6.1.2 Organ Variants: Common Architecture

The three organ variants keep the time-shared principle of NeuroBit64-S and replace the
neuron by an excitable cell of the organ together with its adrenergic neurons. Each variant
contains 1000 organ cells. One cell is served in a slot of 8 clocks, exactly as one neuron in
NeuroBit64-S, so that a tick of the whole network takes 8000 clocks; with a clock of 8 MHz
one tick is one millisecond and the model runs in real time. The state of all cells circulates
in a shift register, and one arithmetic circuit computes one forward-Euler step of the Hybrid
Excitable Cell (HEC) model for the cell that is at the output of the register. The membrane
potential is held in units of 1/16 mV and the recovery variable in units of 1/32 mV.

Three interfaces are common to the variants (Figure 6.2).
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Figure 6.1 Mask layout of NeuroBit64-S in the SkyWater 130 nm process (3,172 standard cells, design-
rule and layout-versus-schematic clean). The chip has not been fabricated. ,
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Figure 6.2 Connections of an organ chip. The brain chip and the organ chip exchange activity over
three wires; the organ chip reports to a phone or computer through a Bluetooth serial
module. Broken lines: the bit stream for a 2.4 GHz transmitter is generated, but the
transmitter itself is not designed.

> Brain link. The 1000 cells are divided into 32 groups. The activity of every group is
sent as an 8-bit sample to a NeuroBit64-S chip in the format of its input pin, so that 32
of its neurons receive the group activities and the other 32 receive the inverted values.
In the opposite direction the organ chip reads the 64 decision bits of NeuroBit64-S; the
ones of neurons 0-31 are counted as sympathetic drive and the ones of neurons 32-63
as parasympathetic drive. The neuron and the organ cell therefore communicate in both
directions, which is the brain—organ interface of Figure 3.1 in hardware.

> Telemetry. Every 16 ms the chip sends a report of 16 bytes on a serial pin at 115.9 kbaud.
A ready-made Bluetooth serial module carries the report to a mobile phone or a computer,
where a web application displays it [147]. Every 128 ms the chip also produces the complete
bit stream of a Bluetooth Low Energy advertising packet (whitening and 24-bit checksum
included).

> Raster output. One bit per cell per tick leaves the chip in the serial format of NeuroBit64-S,
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so the firing of the network can be stored as a bit matrix in the same way as the firing of

the brain chip.

The properties of the three variants are summarized in Table 6.1.

Table 6.1 The NeuroBit64 family. Cell counts and areas are synthesis results for the SkyWater 130 nm
standard-cell library; those of the organ variants are for the complete chips with 1000 units.

NeuroBit64-S Cardio Pancreas Kidney
Organ Brain Heart Pancreas Kidney
Cells 64 neurons 1000 myocytes 1000 islet cells 1000 nephrons
Adrenergic neurons - 1000 «a, 1000 B 687 a3, 313 B2 1000 a1, 1000 B1
State per unit (bits) 11 64 35 55
Clock 50 MHz 8 MHz 8 MHz 8 MHz
Standard cells 3,172 248,566 140,446 211,392
Cell area (mm?) 0.029 2.25 1.27 1.92
Mask layout yes no no no
Repository [142] [143] [144] [145]

6.1.3 NeuroBit64-Cardio: Brain and Heart

NeuroBit64-Cardio [143] is the cardio-neural network of Section 5.5 as a circuit: 1000 cardiac
myocytes, each coupled with one B-adrenergic and one a-adrenergic neuron. The myocyte
follows Equations 5.1-5.4 with the human parameters of Table 5.2. At rest the membrane
obeys the quadratic HEC equation. When the threshold is crossed the p-receptor potential
Vp is released and the membrane follows the plateau waveform; when the decaying Vj has
fallen below 5 mV the action potential ends and the a-receptor potential V, is released. The B
neuron of a cell integrates Vs and the « neuron integrates V,. As proposed in Section 5.5, the
B neurons therefore fire at the upstroke and the « neurons at the end of the plateau, and the
chip measures the action potential duration as the time between the two bursts of the neuron
populations (Figure 6.3). The 32 groups of cells form a conduction path: the first group has
a pacemaker drive and every cell is excited by the upstrokes of its own and of the preceding
group, so that an activation crosses the network in about 64 ms. A beat is counted when half
of the cells have fired, which is the collective-firing criterion of Figure 5.29.

From these signals the chip derives the beat interval, the change of the interval from beat to
beat and the action potential duration, and raises flags for tachycardia, bradycardia, irregular
rhythm, a blocked activation, a prolonged action potential, a pause and a low participation
of cells. Six conditions are built into the chip to exercise the flags. In 60 s of model time the
normal condition gave 79 beats per minute with a root mean square of successive differences of
35 ms, close to the 40 ms obtained in Section 5.5, and raised no flag. The tachycardia condition
(137 beats per minute), the bradycardia condition (50), the conduction-block condition (every
second activation dies out at one group; 39 beats per minute in the remaining groups) and the
condition with the thesis value of the potassium time constant (action potential of 601 ms)
were flagged in every report after the first beats; the irregular condition was flagged in 72 %
of the reports. With a NeuroBit64-S chip connected, the drive returned by its neurons changed
the rate (for example from 50 to 62 beats per minute in the bradycardia condition), which
shows that the loop between the two chips is closed. These are conditions of the model. They
demonstrate that rhythm disorders of the cardio-neural network can be recognized from the
adrenergic neurons alone; they are not a clinical evaluation.
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Figure 6.3 NeuroBit64-Cardio, normal rhythm (software model that is bit-identical to the Verilog
description). (a) Action potential of one myocyte. (b) Population spikes of the B-adrenergic
and a-adrenergic neurons; their distance is the action potential duration. (c) Upstrokes of
the 1000 myocytes travelling through the 32 conduction groups.

6.1.4 NeuroBit64-Pancreas: Brain and Pancreas

NeuroBit64-Pancreas [144] contains the pancreatic cells of Section 5.6: 594 B-cells, 313 «a-cells
and 93 §-cells with the parameters of Table 5.3. The glucagon-induced and insulin-induced
potentials of Equation 5.8 are produced by the network itself: every spike of an a-cell adds to
a glucagon level and every spike of a 8- or §-cell adds to an insulin level, and the two levels
raise the threshold of the p- and §-cells. The glucose concentration is an input of the chip. It
drives the a-cells below 90 mg/dL and the 8- and §-cells above 100 mg/dL. Every cell has one
adrenergic neuron driven by the sympathetic signal of the brain chip: an a,-type neuron on p-
and &-cells, whose spikes inhibit the cell, and a B;-type neuron on a-cells, whose spikes excite
it; the parasympathetic signal drives the S-cells.

Figure 6.4a shows that the a-cells are active at low glucose and the - and §-cells at high
glucose, as in Figure 5.30. Because the firing rates change monotonically with glucose, the chip
can read the glucose level back from the activity of the cells (Figure 6.4b): over a sweep from
40 to 295 mg/dL the mean difference between the value read from the cells and the value
given to the chip was 8 mg/dL for the healthy islet. The same comparison detects an islet that
does not answer as it should. When 13 of 16 B-cells were removed, when the B-cells responded
weakly, or when the a-cells did not respond, the chip raised the corresponding flag (“B-cells do
not answer” or “a-cells do not answer”), and a high sympathetic tone was recognized in every
report. The glucose value itself must come from a sensor. The companion project GlucoSense
provides this part: a wearable glucose-sensor chip (GS-1) whose digital core already contains
one a-, one - and one §-cell of the HEC model, and a mobile application that receives its
measurements by Bluetooth [148, 149]. NeuroBit64-Pancreas accepts the glucose value of
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Figure 6.4 NeuroBit64-Pancreas, healthy islet. (a) Firing rates of the three cell populations at fixed
glucose concentrations. (b) Glucose concentration read back by the chip from the firing
rates against the concentration given to it.

such a sensor on its serial input.

6.1.5 NeuroBit64-Kidney: Brain and Kidney

The thesis contains no model of the kidney. NeuroBit64-Kidney [145] is therefore a proposal
that applies the HEC model, with the regular-spiking parameters of Chapter 3, to a new organ.
The chip contains 1000 nephron units. One spike of a unit stands for one quantum of filtrate;
the adaptive threshold of the HEC model (Equation 3.5), which rises after every spike and
decays again, plays the part of tubuloglomerular feedback. The perfusion pressure is an input.
A renin level rises as long as the filtration of all nephrons together is below a set point and
drives the working nephrons harder. Every unit has an «;-adrenergic neuron, whose spikes
reduce the filtration of the unit, and a B;-adrenergic neuron, whose spikes release renin; both
are driven by the sympathetic signal of the brain chip.
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Figure 6.5 NeuroBit64-Kidney. (a) Loss of nephrons: the total filtration stays normal up to a loss
of 50 % because (b) the remaining nephrons filter more and the renin level rises. (c)
Total filtration (blue) and renin level (orange) of the healthy kidney at different perfusion
pressures.

The behaviour that matters for early detection is shown in Figure 6.5. When 25 % or 50 %
of the nephrons were switched off, the total filtration remained at 100 % of the set point,
because the remaining nephrons increased their rate from 16 to 21 and 32 spikes per second.
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A measurement of the total filtration alone would not show the loss. The chip counts the
nephrons that are active and the filtration of each of them, and in both cases raised the flags
“nephrons missing” and “hyperfiltration” together, which it reports as an early-loss pattern.
Only at a loss of 75 % did the total filtration fall (to 55 %) and the renin level reach its limit.
Low and high perfusion pressure and a high sympathetic tone were also distinguished. It must
be stressed that this is a property of the model: whether such a pattern can be measured in a
real kidney, through the renal nerves or otherwise, is an open question, and the model has not
been compared with kidney recordings.

6.1.6 Verification and Size

Each organ chip was simulated with Icarus Verilog and compared with its software model.
The comparison covered every report, every Bluetooth packet bit by bit, and a signature of
the complete raster stream; in the runs with a brain chip the original Verilog description of
NeuroBit64-S was connected and the signature of its output words was compared as well. All
runs of Table 6.2 were identical. An independent receiver model accepted the checksum of
every Bluetooth packet.

Table 6.2 Comparison of the Verilog descriptions with the software models.

Chip Runs (with brain chip) Simulated time Reports Bluetooth packets Result

Cardio 6 (3) 8.8s 550 201 identical
Pancreas 7 (3) 5.8s 360 126 identical
Kidney 7 (3) 59s 370 132 identical

The designs were synthesized with Yosys for the SkyWater 130 nm library (Table 6.1). The
state register dominates the area. Figure 6.6 shows block floorplans drawn to scale from the
synthesized areas. With pads the organ chips need between about 4 and 6 mm? of silicon, more
than ten times the largest area offered by the flow that produced the layout of NeuroBit64-S,
so their layout requires a die of their own on a multi-project wafer run.

1 mm
L

state register .
. state register
1000 x 64 bits state register 1000 x 595 bits

1000 x 35 bits

1 i 1

T T T
cell circuit, link, telemetry cell circuit, link, telemetry cell circuit, link, telemetry
Cardio Pancreas Kidney
2.25 mm? of cells 1.27 mm? of cells 1.92 mm? of cells
die 2.4 x 2.4 mm die 1.9 x 1.9 mm die 2.2 x 2.2 mm

Figure 6.6 Block floorplans of the three organ chips, to scale (55 % utilization assumed). These are
planning drawings, not mask layouts.
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6.1.7 Limitations

> No chip has been fabricated. Only NeuroBit64-S has a mask layout. For the organ chips,
placement and routing, timing analysis and simulation of the gate-level netlist have not
been carried out.

> The radio transmitter is not designed. The chips generate the bits of a Bluetooth packet, and
the path through a Bluetooth serial module to a phone has not been tried with hardware.
The monitor applications have been tested with the simulated chips only.

> The disorders that the chips recognize are conditions built into the models. No recording
from a patient or an animal has been used, and the chips are not diagnostic devices.

> Several elements were added to the models of the thesis in order to obtain a network
that can be built: the conduction groups and the pacemaker drive of the heart chip; the
glucose drive, the hormone levels and the read-out of the pancreas chip; and the complete
kidney model. They are documented in the repositories and still have to be compared with
physiological data.

> NeuroBit64-S is a general chip of 64 neurons. Which of its neurons are regarded as
sympathetic or parasympathetic is a convention of the link, not a model of a brain region.

The hardware descriptions, test benches and documentation of the chip family were prepared
with the help of Al tools where applicable, for convenience; every design was verified as
described above.

Mobile Applications

A chip that listens to an organ is useful only if its report reaches the person who needs it. The
mobile phone is the natural display: it is already in the pocket of the patient and of the physician,
it has a Bluetooth radio, a screen and a connection to the network, and it needs no additional
equipment. Three applications accompany the chips. All of them are web applications: they
are opened as a page in the browser of an Android phone or a computer, need no installation,
and use the Bluetooth and serial interfaces of the browser to talk to the hardware.

6.2.1 From the Chip to the Phone

The path of the data is the same for every organ chip. Every 16 ms the chip writes a frame of
19 bytes on its serial pin: two start bytes, the 16 bytes of the report and a checksum. A small
ready-made Bluetooth serial module forwards the bytes to the phone. The application searches
for the two start bytes, verifies the checksum, and decodes the report into the sequence number,
the organ and its condition, the flags, the mean membrane potential, three spike counts and
three measured values. Because the report is small, 62 reports per second are only about
1.2 kilobytes per second, which a Bluetooth Low Energy link carries easily. In the opposite
direction the application can write an input to the chip, the glucose value for the pancreas chip
or the perfusion pressure for the kidney chip, with a command of three bytes.

The applications can also run the chip themselves. The software model of each chip, which
produces the same bits as the Verilog description, is part of the application, so the page shows
a working chip before any hardware exists, and the same displays serve later for the fabricated
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chip. This is how the applications have been tested so far. The applications are online at the
addresses given with the references [143, 144, 145, 147]; the simulated chip starts as soon
as the page is opened, and the address can select the organ and the condition, for example
?organ=kidney&cond=1 for a kidney with 25 % of its nephrons switched off.

6.2.2 The Organ Monitor

The NeuroBit64 Organ Monitor shows one chip at a time (Figure 6.7, centre and right). The user
selects heart, pancreas or kidney and the source of the data: the simulated chip, a Bluetooth
serial module, or a serial cable. For the heart the application displays the heart rate, the beat
interval, the action potential duration and the root mean square of successive differences,
which it computes from the intervals reported by the chip. For the pancreas it displays the
glucose given to the chip, the glucose read back from the cells and the insulin level; for the
kidney the number of working nephrons, the total filtration, the perfusion pressure and the
renin level. Below these values the flags raised by the chip are listed by name, followed by the
mean membrane potential, the spike counts and, for the simulated chip, the raster of the 1000
cells.

6.2.3 The Body Monitor

The NeuroBit64 Body Monitor [147] runs the whole family together (Figure 6.7, left): three
brain chips, each connected to one organ chip through the brain link, and the heart, pancreas
and kidney chips. Two rules of the application connect the organs to each other. The perfusion
pressure of the kidney follows the rate of the heart, and the glucose given to the pancreas chip
follows a glucose balance with meals, insulin and glucagon. These rules are simple assumptions
and are not part of the chips.

An anomaly detector watches the complete picture. It combines three kinds of evidence: the
flags of the chips; nine values compared with their range in the healthy model, for example
the heart rate, the glucose concentration, the number of working nephrons and the renin level;
and four patterns that appear only across organs, such as a slow heart together with a low
perfusion of the kidney, or a high glucose concentration together with a weak insulin answer.
The result is one of three states, normal, watch or abnormal, with the list of findings in plain
words, an anomaly score and a log of events. In the scenario of a conduction block of the
heart, for example, the detector reported the blocked activation, the slow heart, the fall of the
perfusion pressure of the kidney to 67 mmHg, the rise of renin, and the heart-kidney pattern.

6.2.4 GlucoSense

GlucoSense [148, 149] is the application of the companion glucose-sensor project. It receives
the measurements of a wearable sensor by Bluetooth, removes noise, converts the sensor
current into a glucose concentration with a calibration, raises alerts for low and high values
and produces reports. Its sensor chip, GS-1, contains one a-, one 8- and one §-cell of the HEC
model. Together with NeuroBit64-Pancreas it forms a complete chain: the sensor measures
glucose, the islet network shows how a healthy pancreas would answer to it, and the phone
shows both.
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Figure 6.7 The applications at the width of a phone screen, running the software models of the chips.
Left: Body Monitor in the conduction-block scenario. Centre: Organ Monitor, heart chip in
normal rhythm. Right: Organ Monitor, kidney chip with 25 % of the nephrons switched off.

Expected Advantages of the Chips and Applications

The advantages listed here are those that the designs make possible. They are expectations
that follow from the properties of the designs, and each of them has to be demonstrated with
fabricated chips and with data from subjects.

> Monitoring in real time and without interruption. An examination in a clinic is a short
sample of a long process: an electrocardiogram of a few minutes, a blood test a few times
per year. Many disorders are intermittent or develop slowly and are missed by such samples.
A chip that runs the model of the organ in real time, one step every millisecond, follows
the organ continuously and reports every 16 ms.

> Early detection. The models look at the relation between signals and not at one number:
the time between the B and a neurons of the heart, the answer of the islet to the measured
glucose, the number of working nephrons against the load on each. In the simulations
these relations changed before the conventional quantity changed; the loss of half of the
nephrons, for example, left the total filtration normal. If the same holds in subjects, disease
can be recognized at a stage in which treatment is simpler and cheaper.
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> Small size, low power and low cost. Each chip is a purely digital circuit of a few square
millimetres in a mature 130 nm process, without analog blocks or memory macros, and
runs at 8 MHz. Such circuits are inexpensive to fabricate in quantity and can be supplied by
a small battery, which is the condition for a wearable patch and, later, for an implant. The
time-shared architecture is the reason: 1000 cells need one arithmetic circuit, not 1000.

> No special equipment. The display is a phone and the applications are web pages. A basic
health unit, a general practitioner or the patient at home can use them without a dedicated
instrument and without installing software, which matters most where specialists and 2
laboratories are far away.

> Results that can be explained. Every flag has a definition in terms of a physiological quantity,
for example “beat interval above 1000 ms” or “filtration of each working nephron above
125 %”. A physician can check why the chip raised it. This distinguishes a model-based
chip from a classifier that was trained on data and gives a label without a reason.

> Privacy. The signals are processed on the chip and displayed on the user’s own phone.
Nothing has to be sent to a server for the result to appear, so the data stay with the person
they belong to unless that person shares them.

> The whole body, not one organ. Heart, pancreas and kidney influence each other, and
cardiovascular disease, diabetes and kidney disease often occur together. Chips with a
common link to the brain model and a common report format can be combined, and the
Body Monitor shows that disorders can then be recognized in the relation between organs,
which no single-organ device can see.

> One architecture for many organs. A further organ needs a cell model and a set of parameters,
not a new chip architecture: the brain link, the report, the Bluetooth packet generator and
the applications are reused. The effort for each new organ therefore falls.

> Open and reproducible. The designs, the models, the tests and the applications are public,
and the layout of the brain chip was made with free tools. Other groups can repeat the
results, correct the models and build on them, and students can follow the complete path
from a model to a chip.

> A testbed for the model. Before any use on a subject, the chips are instruments for research:
a model of an organ that runs in real time, connected to a model of the brain, in which
a condition can be switched on and its signature in the neural signals observed within
seconds.

Future Directions

Computer models are of key importance in diagnosis and treatment of morbidity related to
brain and heart. The recent advancements in wearable devices enabled us to monitor the
subject condition in real-time. With development in nano-electronics, nano-implants are
developed that can detect morbidity by analyzing small signals from neural responses. The
composite signals received from conventional devices used for electro-cardio-gram (ECG) and
electro-encephalo-gram (EEG) contain correlated noise, encountered by neural firings. Thus,
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we cannot distinguish the information related to abnormalities from composite signal of ECG
and EEG. Therefore, we need to develop computational models of brain that can be coupled
with organs in real-time to gather the neural data.

One of the manifestations of computational models is brain-heart interface. The computer
model captures the real-time data of the brain and heart. The data is gathered from EEG
and ECG electrodes and provided to the computer for analysis. The computer model reflects
the interplay between brain and heart in real-time under given conditions. The difficulty in
this approach is to distinguish the anomalies related to morbidity from composite signal. The
development of nano-chips based upon electrophysiological features of neural circuits, will
make it possible to couple the nano-devices with organs without altering their functionality.
Such implants will be helpful in diagnosis and treatment of hidden diseases that are not
detectable by conventional methods.

The NeuroBit64 family of Section 6.1 is a first step in this direction, and it defines the work
that follows.

> Fabrication. The layout of NeuroBit64-S can be submitted to a multi-project wafer run as it
is. The organ chips need placement and routing on a die of about 2 x 2 mm, followed by
measurements on the fabricated chips.

> Validation with recorded data. The cardio-neural chip has to be driven by recorded heart
rhythms, the pancreas chip by continuous glucose records together with the GlucoSense
sensor [148, 149], and the kidney chip by measurements of renal function, before any
statement about the detection of disease in a subject can be made. The brain link has to be
tested with the larger brain model of Chapter 4 in place of a single 64-neuron chip.

> Other organs. The architecture is the same for every organ: an excitable cell of the organ
with its own HEC parameters, its adrenergic neurons, the brain link and the telemetry.
Variants for further organs are planned on this basis in the near future, for example for the
lung (respiratory rhythm), the stomach and intestine (slow waves of smooth muscle), the
liver, skeletal muscle and the retina. For each of them the cell model has to be established
first, as it was done for the cardiac myocyte in Chapter 5.

> The connected body. The body monitor [147] runs brain, heart, pancreas and kidney together.
Replacing its simple rules between the organs by measured relations, and its simulated
chips by fabricated ones, leads to the brain—organ interface that was the motivation of this
work: a set of small chips that listen to the neural signals of the organs and report the early
signs of disease to a phone.

& KEY TAKEAWAYS

> The model has been written as hardware: NeuroBit64 (64 neurons, with a 130 nm
layout) and three verified designs of 1000 cells each for the heart, the pancreas and
the kidney, each linked to the brain chip over three wires.

> In simulation the chips recognise rhythm disorders, read the glucose level from islet
activity, and expose a loss of nephrons that total filtration hides.

> Each chip reports to a mobile phone over Bluetooth; the Organ Monitor shows
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one organ, the Body Monitor shows brain, heart, pancreas and kidney together and
detects abnormal behaviour across organs.

> Expected advantages: continuous and early monitoring, small and inexpensive digital
chips, a phone as the only instrument, explainable flags, and one architecture for
many organs.

> No chip has been fabricated and no patient data has been used yet: fabrication and
validation with recorded data are the next steps. 2
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A MATLAB Source Code A.1 Baseline Models and the HEC Model

This appendix lists the MATLAB programs used to produce the results of this thesis. Each
program is printed exactly as it was run, and its caption points to the figures and tables it
generates. Three naming conventions in the code are worth knowing:

» Variables named adap, aizh or Adap hold the Hybrid Excitable Cell (HEC) model, which
was called the adaptive model during development.

> Variables named izh hold the Quadratic Integrate and Fire (QIF) model, and mat and glif
hold the MAT and GLIF models.

> The programs read MATLAB data files (Dataset.mat, mouse_data.mat, mouse_data_A.mat
and Current.mat) that hold the electrophysiological recordings and stimulation currents
described in Section 3.4 and Chapter 4. These data files are not reproduced here.

Baseline Models and the HEC Model

Baseline_Models.m drives the GLIF, MAT, QIF and HEC models with the same input current
and plots each response against the recorded spike train, giving Figure 4.1.

Baseline_Models.m MATLAB

1 clc; clear all;

2 load('Dataset.mat');

3 a=size(A,1);b=size(A,2);c=size(A,3);n=b*c;

4 I=1260*ones(1,bxc)*10*(-9)+20*xI_A(1,1:b*c);

5 %kl GLIF

6 vr=-60; vt=-40; Vdep=-50; vpeak=35;

7 k1=0.7; k2=10%10"(-2); k3=-0.5;

g C=100; tau=0.1; R=10*10"6;

o vglif=vr*ones(1,n); Vadap=0*vglif,

10 for i=1:n-1

11 vglif(i+1)=vglif(i)+taux(k1*(vglif(i)-Vdep)-Vadap(i))/C+I(i)*R;
12 Vadap(i+1)=Vadap(i)+k2*(k3x(vglif(i)-Vdep)-Vadap(i));
3 if vglif(i)>=vt

4 vglif(i)=vpeak;

15 vglif(i+1)=Vdep;

16 end

-

17 end

18 %kl MAT

19 vr=-60; vt=-40; vpeak=35;tau=0.7x10*(3); m=0;
0 vmat=vr*ones(1,n); R=20%10%6; Vt=vt*ones(1,n);
1 for i=1:n-1

22 Vt(i)=2*vpeakxexp(0.01x(m-i))+vt;

3 if m==0

24 Vt(i)=vt;

25 end

26 vmat(i+1)=vmat(i)+(vmat(i)-vr)/tau+tR*I(i);

27 if vmat(i)>=Vt(i)

28 vmat(i)=vpeak; vmat(i+1)=-30;

20 Vt(i)=2%vpeak+vt; m=i;

30 end

31 end

32 %%%%%%  Izhikevich
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33 C=100; vr=-60; vt=-40; k=0.7;

34 a=0.03; b=-2; c=-50; d=6;

35  vpeak=35; n=3000; tau=1;

36 viz=vrxones(1,n); u=0*viz; R=20%10"6;

37 for i=1:n-1

38 viz(i+1)=viz(i)+taux(k*(viz(i)-vr)*(viz(i)-vt)-u(i))/C+I(i)*R;

39 u(i+1)=u(i)+tau*xax(bx(viz(i)-vr)-u(i));

20 if viz(i)>=vt

41 viz(i)=vpeak;

42 viz(i+l)=c; 2

43 u(i+1)=u(i+1)+d;

44 end

45 end

46 %%%%%%%% Adaptive Izhikevich

47 m=0Q;v=vr*ones(1,n); u=0xv; Vt=vtxones(1,n);

48 for i=1:n-1

49 Vt(i)=2*vpeak*exp(0.01*(m-i))+vt;

50 if m==0

51 Vt(i)=vt;

52 end

53 v(i+1)=v(i)+taux(k*x(v(i)-vr)*(v(i)-vt)-u(i))/C+R*I(i);

54 u(it1)=u(i)+tauxax(bx(v(i)-vr)-u(i));

55 if v(i)>=Vt(i) 4

56 v(i)=vpeak; v(i+1)=c; u(i+1)=u(i)+d;

57 Vt(i)=2xvpeak+vt; m=i;

58 end

59 end

60 plot((1:3000)*0.275,A(1,(1:3000))+30, 'b", (1:3000)*0.275, vglif(1:3000)-200,'b', (1:3000)*0.275,
< vmat(1:3000)-400,'b', ...

61 (1:3000)*0.275, viz(1:3000)-600, 'b', (1:3000)*0.275, v(1:3000)-800,'b", ... 5

62 (1:3000)%0.275, 3*%R*I(1:3000)-970, 'r', 'linewidth',1);

63 set(gca, 'linewidth',1, 'fontsize',12, 'fontname', 'times');

64 xlabel('Time (milli-seconds)')

65 ylabel('Membrane Potential (mV)');

66 xlim([0 8001);

67 % gtext('(a)','fontsize',12, " 'fontname’, 'times'); 6

68 % gtext('(b)','fontsize',12, " 'fontname’, 'times');

69 % gtext('(c)','fontsize',12," 'fontname’', " 'times');

70 % gtext('(d)', 'fontsize',12, " 'fontname’, 'times');

71 % gtext('(e)', 'fontsize',12, 'fontname', 'times');

72 % gtext('(f)', 'fontsize',12, 'fontname', 'times');

73 set(gcf, 'Units', 'inches');

74 screenposition=get(gcf, 'Position');

75 set(gcf, 'PaperPosition',[@ @ screenposition(3:4)1,...

76 'PaperSize',[screenposition(3:4)1);

77 print -dpdf Baseline_Models.pdf

A\ J

Neural Ensembles of the Dataset

Neural_Ensembles.m reconstructs the spikes of the mouse visual-cortex recordings and draws
them as a raster, giving Figure 3.18.

100
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Neural_Ensembles.m MATLAB

1 clc;clear all;

2 load 'mouse_data_A';
3 v=zeros(2191,217);

4 for i=1:2000

5 for j=1:200

6 v(i,3)=A(1,1,3);
7 if v(i,j)>=1

8 plot(i,j, Ib"); 2
9 end

10 hold on;

11 end

12 end

13 set(gca, 'linewidth',1,'fontsize',12, 'fontname', 'times');
14 set(gef, 'Units', "inches');

15 screenposition=get(gcf, 'Position');

16 set(gcef, 'PaperPosition',[@ @ screenposition(3:4)],...

17 'PaperSize',[screenposition(3:4)1);

18 print -dpdf Neural_Ensembles.pdf

A J

Coincidence Factor of Individual Neurons 4

Gamma_Neurons.m computes the coincidence factor T' of every neuron in each trial for all four
models and writes the results to a text file. It produces Table 4.2 and Figure 4.2.

Gamma_Neurons.m MATLAB 5

1 clc; clear all;

o

2 /o

3 load('mouse_data');
P

fid=fopen('Gamma_Neurons.txt', 'wt');

w

6 x_exp=zeros(1,2191);x_izh=zeros(1,2191);x_aizh=zeros(1,2191) ;x_mat=zeros(1,2191);x_glif=zeros
= (1,2191);delta=2;

7 y_exp=zeros(1,14);y_izh=zeros(1,14);y_aizh=zeros(1,14);y_mat=zeros(1,14);y_glif=zeros(1,14);N=230;
= T=217;t=0.275;

g for i=1:14

o fprintf(fid, '

— \n');
10 fprintf(fid, ' Trial %d Data \n',i);
11 fprintf(fid, '

— \n');

2 fprintf(fid, '%3s %8s %9s %10s %13s %10s %13s %10s %13s %10s \n', 'Neurons',6 'N_data','N_izh', 'G_
< izh','N_mat','G_mat', 'N_glif','G_glif"', 'N_hec','G_hec');
3 fprintf(fid, '

-

— \n');
14 for j=1:2191
15 x_exp(j)=size(find(V_exp(j,i,:)>30),1);
16 x_izh(j)=size(find(V_izh(j,i,:)>30),1);
17 x_aizh(j)=size(find(V_aizh(j,1i,:)>30),1);
18 x_mat(j)=size(find(V_mat(j,i,:)>30),1);
19 x_glif(j)=size(find(V_glif(j,i,:)>30),1);
20 nu_izh(3)=(T*t)/x_izh(3j);
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21 N_izh(j)=1-2xnu_izh(j)*delta;

22 nu_aizh(j)=(T*t)/x_aizh(j);

23 N_aizh(j)=1-2*nu_aizh(j)*delta;

24 nu_mat(j)=(T*t)/x_mat(j);

25 N_mat(j)=1-2*nu_mat(j)*delta;

26 nu_glif(3)=(Txt)/x_glif(j);

27 N_glif(j)=1-2*nu_glif(j)*delta;

28 gamma_izh(j)=2*(x_izh(3)-N)/(N_izh(j)*(x_exp(j)+x_izh(j)));

29 % while( gamma_izh(3j)>1 )

30 % gamma_izh(j)=gamma_izh(j)*0.9; 2

31 % end

32 gamma_aizh(j)=2x(x_aizh(j)-N)/(N_aizh(j)*(x_exp(j)+x_aizh(j)));

33 gamma_mat (j)=2*(x_mat(j)-N)/(N_mat(j)*(x_exp(j)+x_mat(j)));

34 gamma_glif(j)=2*(x_glif (3)-N)/(N_glif (j)*(x_exp(3)+x_glif(3)));

35 % while( gamma_aizh(j)>1 )

36 % gamma_aizh(j)=gamma_aizh(j)*0.9;

37 % end

38 fprintf(fid, '%3d %1@d %10d %13f %10d %13f %10d %13f %1ed %13f \n', j,x_exp(j),x_izh(j),round(100*
< gamma_izh(j)/100,6), ...

39 x_mat(j),round(100*gamma_mat(j)/100,6),x_glif(j),round(100*gamma_glif(j)/100,6),...

40 x_aizh(j),round(100*gamma_aizh(j)/100,6));

41 end

42 y_exp(i)=round(mean(x_exp)); 4

43 y_izh(i)=round(mean(x_izh));

44 y_aizh(i)=round(mean(x_aizh));

45 y_mat(i)=round(mean(x_mat));

46 y_glif(i)=round(mean(x_glif));

47 gamma_izh_t(i)=mean(gamma_izh);

48 gamma_aizh_t(i)=mean(gamma_aizh);

49 gamma_mat_t(i)=mean(gamma_mat);

50 gamma_glif_t(i)=mean(gamma_glif);

51 end

52 fprintf(fid, '
= \n');

53 fprintf(fid, ' Trials Mean Data \n');

54  fprintf(fid, '
= \n');

55 fprintf(fid, '%3s %8s %9s %10s %13s %10s %13s %10s %13s %10s \n', 'Trials',6 'N_data','N_izh','Gizh'
— ,'N_mat', 'Gmat', 'N_glif"', 'Gglif', 'N_adap', 'Gadap');

s6  fprintf(fid, '

— \n');

57 for i=1:14

58 fprintf(fid, '%3d %11d %10d %15f %12d %16f %11d %17f %10d %10f \n', i,y_exp(i),y_izh(i),round(100x
< gamma_izh_t(i)/100,6),...

59 y_mat(i),round(100xgamma_mat_t(i)/100,6),y_glif (i), round(100xgamma_glif_t(i)/100,6),...

60 y_aizh(i), round(100*gamma_aizh_t(i)/100,6));

61 end

62 fprintf(fid, '
— \n');

63 Gizh=round(100*mean(gamma_izh_t)/100,6);

64 Gaizh=round(100@*mean(gamma_aizh_t)/100,6);

65 Gmat=round(10@*mean(gamma_mat_t)/100,6);

66 Gglif=round(100*mean(gamma_glif_t)/100,6);

67 fprintf(fid, '%3s %10d %10d %15f %10d %15f %10d %15f %10d %10f %5s \n', 'Mean',round(mean(y_exp))

— ,...

68 round(mean(y_izh)),Gizh, round(mean(y_mat)),Gmat, round(mean(y_glif)),Gglif, round(mean(y_aizh)),
> Gaizh, '"\\'");
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69 fprintf(fid, '
— \n');
70 % 1
71 % fprintf(fid, ' Gizh=%f \n',Gizh);
72 % fprintf(fid, ' Gmat=%f \n',Gmat);
73 % fprintf(fid, ' Gglif=%f \n',Gglif);
74 % fprintf(fid, ' Gaizh=%f \n',Gaizh);
75 % fprintf(fid, '
= \n");
76 plot((1:2000),gamma_aizh(1:2000),'b', (1:2000),gamma_izh(1:2000),'r',... 2
77 (1:2000),gamma_mat(1:2000), 'm', (1:2000),gamma_glif(1:2000),'g", 'linewidth',1.5)
78 x1im([1 201);
79 ylim([@.5 1.1]);
80 legend('HEC','QIF','MAT','GLIF', 'location', 'northwest');
81 legend boxoff;
82 set(gca, 'linewidth',1, 'fontsize',12, 'fontname', 'times');
83 xlabel('Neurons'), ylabel('Coincidence Factor'); E
84 set(gef, 'Units', "inches');
85 screenposition=get(gcf, 'Position');
36 set(gcf, 'PaperPosition',[@ @ screenposition(3:4)],...
87 'PaperSize',[screenposition(3:4)1);
g8 print -dpdf Gamma_Neurons.pdf
N J 4
Coincidence Factor of the Trials
Gamma_Trials.m averages the coincidence factor over the neurons of each of the 14 trials. It
produces Table 4.3 and Figure 4.3. 5
Gamma_Trials.m MATLAB
1 clc; clear all;
5 9
3 load('mouse_data'); 6
P

5 fid=fopen('Gamma_Trials.txt', 'wt');

6 fprintf(fid, '
— \n');

7 fprintf(fid, '%3s %10s %10s %10s %15s %10s %15s %11s %13s %7s \n', 'Trials','N_data', 'N_QIF', 'G_
< QIF', 'N_MAT','G_MAT', 'N_GLIF','G_GLIF','N_Adap','G_Adap');

g fprintf(fid, '
— \n');

o x_exp=zeros(1,2191);x_izh=zeros(1,2191);x_aizh=zeros(1,2191);x_mat=zeros(1,2191);x_glif=zeros
< (1,2191);delta_aizh=2;

10 y_exp=zeros(1,14);y_izh=zeros(1,14);y_aizh=zeros(1,14);y_mat=zeros(1,14);y_glif=zeros(1,14);delta_
< izh=2;N=230;T=217;

11 for i=1:14

12 for j=1:2191

13 x_exp(j)=size(find(V_exp(j,i,:)>30),1);

14 x_izh(j)=size(find(V_izh(j,i,:)>30),1);

15 x_aizh(j)=size(find(V_aizh(j,1i,:)>30),1);
16 x_mat(j)=size(find(V_mat(j,i,:)>30),1);
17 x_glif(j)=size(find(V_glif(j,i,:)>30),1);
18 end

19 y_exp(i)=round(mean(x_exp));
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20 y_izh(i)=round(mean(x_izh));

21 y_aizh(i)=round(mean(x_aizh));

22 y_mat(i)=round(mean(x_mat));

23 y_glif(i)=round(mean(x_glif));

24 nu_izh(i)=(T*0.275)/y_izh(i);

25 N_izh(i)=1-2*nu_izh(i)*delta_izh;

26 nu_aizh(i)=(T*0.275)/y_aizh(i);

27 N_aizh(i)=1-2*nu_aizh(i)*delta_aizh;

28 nu_mat(i)=(T*0.275)/y_mat(i);

29 N_mat(i)=1-2*nu_mat(i)*delta_izh; 2

30 nu_glif(i)=(T*0.275)/y_glif(i);

31 N_glif(i)=1-2xnu_glif(i)*delta_izh;

32 gamma_izh_t(i)=2x(y_izh(i)-N)/(N_izh(i)*(y_exp(i)+y_izh(i)));

33 % while( gamma_izh_t(i)>1 )

34 % gamma_izh_t(i)=gamma_izh_t(i)*0.9;

35 % end

36 gamma_aizh_t(i)=2*(y_aizh(i)-N)/(N_aizh(i)*(y_exp(i)+y_aizh(i)));

37 % while( gamma_aizh_t(i)>1 )

38 % gamma_aizh_t(i)=gamma_aizh_t(i)*0.9;

39 % end

40 gamma_mat_t(i)=2*(y_mat(i)-N)/(N_mat(i)*(y_exp(i)+y_mat(i)));

41 % while( gamma_mat_t(i)>1 )

42 % gamma_mat_t(i)=gamma_mat_t(i)*0.9; 4

43 % end

44 gamma_glif_t(i)=2x(y_glif(i)-N)/(N_glif(i)*(y_exp(i)+y_glif(i)));

45 % while( gamma_glif_t(i)>1 )

46 % gamma_glif_t(i)=gamma_glif_t(i)*0.9;

47 % end

48 fprintf(fid, '%3d %11d %10d %15f %10d %15f %10d %15f %1ed %10f \n', i,y_exp(i),...

49 y_izh(i),round(100*gamma_izh_t(i)/100,6),y_mat(i),round(100*gamma_mat_t(i)/100,6),... 5

50 y_glif(i),round(100*gamma_glif_t(i)/100,6),y_aizh(i),round(100xgamma_aizh_t(i)/100,6));

51 end

52 fprintf(fid, '
= \n');

53 Gizh=round(10@*mean(gamma_izh_t)/100,6);

54 Gaizh=round(100@*mean(gamma_aizh_t)/100,6);

55  Gmat=round(100*mean(gamma_mat_t)/100,6);

56 Gglif=round(100xmean(gamma_glif_t)/100,6);

57 fprintf(fid, '%3s %10d %1@d %15f %10d %15f %10d %15f %10d %10f \n', 'Mean',round(mean(y_exp)),...

58 round(mean(y_izh)),Gizh, round(mean(y_mat)),Gmat, round(mean(y_glif)),Gglif, round(mean(y_aizh)),

< Gaizh);
50 fprintf(fid, '
— \n');
60 fprintf(fid, 'Poisson Frequency=%dHz; G_QIF=%f; G_MAT=%f; G_GLIF=%f; G_Adap=%f; \

< n',N,Gizh,Gmat,Gglif,Gaizh);
61 fprintf(fid, '

= \n');

62 save gamma_trials gamma_izh_t gamma_aizh_t gamma_mat_t gamma_glif_t
63 plot((1:14),gamma_aizh_t(1:14),'b",...

64 (1:14) ,gamma_izh_t(1:14),'r', ...
65 (1:14),gamma_mat_t(1:14),'m", ..
66 (1:14),gamma_glif_t(1:14),'g", ...

67 'linewidth',1.5)

68 x1lim([1 141);

6o ylim([0.6 11);

70 legend('HEC','QIF','MAT','GLIF','location', 'northwest');
legend boxoff;

~
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72 set(gca, 'linewidth',1, 'fontsize',12, 'fontname', 'times');
73 xlabel('Trials'), ylabel('Coincidence Factor');

74 set(gcf,'Units', "inches'); 1
75 screenposition=get(gcf, 'Position');

76 set(gcf, 'PaperPosition',[@ @ screenposition(3:4)],...
77 'PaperSize', [screenposition(3:4)1);

78 print -dpdf Gamma_Trials.pdf

I\ J
Firing-Rate Coefficient ’
FR_Trials.m sums the firings of the network in every time bin and computes the firing-rate
correlation coefficient n of each model for each trial. It produces Table 4.4 and Figure 4.6.
FR_Trials.m MATLAB 3
1 clc;clear all;
2 fid=fopen('FR_Trials.txt', 'wt');
3 y_exp=zeros(1,14);y_izh=zeros(1,14);y_aizh=zeros(1,14);y_mat=zeros(1,14);y_glif=zeros(1,14);
4 load('mouse_data');
5 fri=zeros(1,14); frai=zeros(1,14); frmat=zeros(1,14); frglif=zeros(1,14); 4
6 fprintf(fid, '
— \n');
7 fprintf(fid, '%3s %10s %9s %10s %10s %10s %10s %10s %13s %10s \n', 'Trials','FR_exp', 'FR_izh','FR_
< adap', 'FR_mat', 'FR_glif','C_Izh','C_adap','C_mat','C_glif');
g fprintf(fid, '
— \n');
o for i=1:14 5
10 x_exp=zeros(1,217);x_izh=zeros(1,217);x_aizh=zeros(1,217) ;x_mat=zeros(1,217);x_glif=zeros
s (1,217);
11 for j=1:217
12 for k=1:2191
13 if V_exp(k,i,j)>=30
14 x_exp(j)=x_exp(j)+1; 6
15 end
16 if V_izh(k,i,j)>=30
17 x_izh(j)=x_izh(j)+1;
18 end
19 if V_aizh(k,1,j)>=30
20 x_aizh(j)=x_aizh(j)+1;
21 end
22 if V_mat(k,i,j)>=30
23 x_mat(j)=x_mat(j)+1;
24 end
25 if V_glif(k,i,j)>=30
26 x_glif(j)=x_glif(j)+1;
27 end
28 end
29 end
30  fri(i)=corr(x_exp',x_izh");
31 frai(i)=corr(x_exp',x_aizh");
32 frmat(i)=corr(x_exp',x_mat');
33 frglif(i)=corr(x_exp',x_glif');
34 y_exp(i)=round(mean(x_exp));
35 y_izh(i)=round(mean(x_izh));
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66
67
68

69

-

y_aizh(i)=round(mean(x_aizh));

y_mat(i)=round(mean(x_mat));

y_glif(i)=round(mean(x_glif));

fprintf(fid, '%3d %12d %9d %1ed %10d %1ed %13f %10f %13f %1ef \n', i,y_exp(i),y_izh(i),y_aizh(i),
> y_mat(i),y_glif(i),round(y_izh(i)/y_exp(i)*fri(i),6),round(y_aizh(i)/y_exp(i)*frai(i),6),
< round(y_mat(i)/y_exp(i)*frmat(i),6),round(y_glif(i)/y_exp(i)*frglif(i),6));

end

EXP=round(mean(y_exp));

GLIF=round(mean(y_glif));

MAT=round(mean(y_mat));

IZH=round(mean(y_izh));

AIZH=round(mean(y_aizh));

C_izh=round(100xmean(fri)/100,6);

C_aizh=round(100*mean(frai)/100,6);

C_mat=round(100@*mean(frmat)/100,6);

C_glif=round(100*mean(frglif)/100,6);

fprintf(fid, '
= \n');

fprintf(fid, '%3s %11d %9d %10d %10d %10d %13f %10f %13f %10f \n', 'Mean',EXP,IZH,AIZH,6MAT,GLIF,
= IZH/EXP*C_izh,AIZH/EXP*C_aizh ,MAT/EXP*C_mat,GLIF/EXP*C_glif);

fprintf(fid, '

— \n');

save FR fri frai frmat frglif

plot((1:200),x_exp(1:200), 'k',(1:200),x_aizh(1:200),"'b",(1:200),x_izh(1:200),'r', ...
(1:200),x_mat(1:200),'m", (1:200),x_glif(1:200), 'g", 'linewidth',2);

legend('Dataset','HEC', 'QIF', 'MAT','GLIF', 'location', 'northwest');

legend boxoff;

set(gca, 'linewidth',1, 'fontsize',12, 'fontname', 'times');

xlabel('Time Bins'),...

ylabel('Firings');

set(gcf, 'Units', "inches');

screenposition=get(gcf, 'Position');

set(gcf, 'PaperPosition',[@ @ screenposition(3:4)],...

'PaperSize',[screenposition(3:4)1);

print -dpdf FR_Trials_Time_Bins.pdf

plot((1:14),AIZH/EXP*C_aizhxfrai(1:14),'b", (1:14),IZH/EXP*C_izh*fri(1:14), 'r', ...
(1:14) ,MAT/EXP*C_matxfrmat(1:14), 'm"', (1:14) ,GLIF/EXP*xC_glifxfrglif(1:14),'g", 'linewidth',2);

x1im([1 141); ylim([@.5 11);

legend('HEC', 'QIF', "MAT','GLIF', 'location', 'northwest');

legend boxoff;

set(gca, 'linewidth',1, 'fontsize',12, 'fontname', 'times');

xlabel('Trials'),...

ylabel('Firing Rate Coefficient');

set(gcf, 'Units', "inches');

screenposition=get(gcf, 'Position');

set(gcf, 'PaperPosition',[@ @ screenposition(3:4)1,...

'PaperSize',[screenposition(3:4)1);

print -dpdf FR_Trials_Mean_Firing_Rate.pdf

Bit-Matrix Simulation of Large-Scale Networks

Bit_Matrix4.m stores the firing of each neuron as a single bit of a 64-bit matrix entry for the
regular, fast, tonic and phasic spiking features, using the binary representation of Figure 4.7. Its
result is shown in Figure 4.8. The grid size is set by n in the second line of the program.
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Bit_Matrix4.m MATLAB

1 clc; clear all; close;

2 n=10; b=64; Firings=0;m=0;f=0; !
3 %k%======== RS

4 RS=zeros(n,n); R=0.6;

5 fid=fopen('Bit_Matrix4_RS.txt', 'wt');

6 for i=1:b

7 fprintf(fid, '%3d',i);

8 end 2
o fprintf(fid, '\n');

10 for i=1:n

11 for j=1:n

12 B=zeros(1,b);

13 for k=1:b

14 I=sum(Rxrandn(1,1000));

15 v=0;u=0; 3
16 v=m* (v-40)*f*(v-70)-u+Il;

17 if v > 40

18 B(k)=1; Firings=Firings+1;

19 RS(i,3)=RS(i,j)+2*(k-1);
20 plot3(k,i,j,"'.b', 'markersize',10);
21 hold on; 4
22 end
23 fprintf(fid, '%2d ', B(k));
24 end
25 fprintf(fid, '%2d \n',RS(i,j));
26 end
27 end
28 %% 5
29 %%%========FS

30 FS=zeros(n,n); R=0.8;
31 fid=fopen('Bit_Matrix4_FS.txt', 'wt');
32 for i=1:b

33 fprintf(fid, '%3d',i);
34 end 6

35  fprintf(fid, '\n');
36  for i=1:n

37 for j=1:n

38 B=zeros(1,b);

39 for k=1:b

40 I=sum(Rxrandn(1,1000));

41 v=0;u=0;

42 v=mx (v-40)*xf*(v-70)-u+I;

43 if v > 40

44 B(k)=1; Firings=Firings+1;
45 FS(i,3)=FS(i,j)+2(k-1);
46 plot3(k,i,j,"'.r', 'markersize',10);
47 hold on;

48 end

49 fprintf(fid, '%2d ', B(k));

50 end

51 fprintf(fid, '%2d \n',FS(i,3));
52 end

53 end

54 %%k

55 %kk======== PS
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56
57

59
60
61

62

64
65
66
67
68
69
70
71
72

74
75
76
77
78
79
80
8
82
83
84
85
86
87
88
89
90
9
92
93
94
95
9
97
98
99
100
101
102
103
104
105
106
107
108
109
110
111
112

A6

PS=zeros(n,n); R=0.7;
fid=fopen('Bit_Matrix4_PS.txt', 'wt');

Bit-Matrix Simulation of Large-Scale Networks

for i=1:b
fprintf(fid, '%3d',1i);
end
fprintf(fid, '\n');
for i=1:n
for j=1:n
B=zeros(1,b);
for k=1:b
I=sum(Rxrandn(1,1000));
v=0;u=0;
v=mx (v-40)*xf*(v-70)-u+I;
if v > 40
B(k)=1; Firings=Firings+1;
PS(i,3)=PS(i,j)+2*(k-1);
plot3(k,i,j,"'.m', 'markersize',10);
hold on;
end
fprintf(fid, '%2d ', B(k));
end
fprintf(fid, '%2d \n',PS(i,j));
end
end
%%
%khl======== TS

TS=zeros(n,n); R=0.5;
fid=fopen('Bit_Matrix4_TS.txt', 'wt');

for i=1:b
fprintf(fid, '%3d',i);
end
fprintf(fid, '\n');
for i=1:n
for j=1:n
B=zeros(1,b);
for k=1:b
I=sum(Rxrandn(1,1000));
v=0;u=0;
v=m* (v-40)*f*(v-70)-u+I;
if v > 40
B(k)=1; Firings=Firings+1;
TS(1,3)=TS(1,j)+2*(k-1);
plot3(k,i,j,"'.k', 'markersize',10);
hold on;
end
fprintf(fid, '%2d ', B(k));
end
fprintf(fid, '%2d \n',TS(i,j));
end
end

%767
set(gca, 'linewidth',1, 'fontsize',12, 'fontname', 'times');
xlabel('Length', 'fontsize',12, " 'fontname', 'times');
ylabel('Width', 'fontsize',12, 'fontname', 'times"');
set(gcf, 'Units', "inches');

screenposition=get(gcf, 'Position');

set(gcf, 'PaperPosition',[@ @ screenposition(3:4)1,...
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113
114

115

'PaperSize', [screenposition(3:4)1);
print -dpdf Bit_Matrix4.pdf
hold off;

Cardiac Action Potential and Adrenergic Neurons

AP_Izh_Cardiac_Synchro.m simulates the cardiac myocyte action potential together with the a-
and B-adrenergic neurons it activates, giving Figure 5.1.

AP_Izh_Cardiac_Synchro.m

23
24
25

26

clc; clear all;
BCL=1000;n=BCL;m=5;
load('Current.mat','I");Ic=zeros(1,n*m);
for k=1:n*m
Ic(k)=I(rem(k,size(I,2))+1)*10(-12);
end
C=100; vr=-60; vt=-40; k=0.5; a=0.03; b=-2;Rk=5%x10"6;c=50%x10"(-6);
vpeak=35; tau=0.15;v=zeros(1,n*m); u=0xv; Tk=Rk*c;v_alpha=zeros(1,n*m);
I=2.5%ones(1,nxm)*10*(-9) ;y=zeros(1,n*m);e=1350;v_beta=zeros(1,n*m);
$=0;d=10;R=95%x10"6;RCa=(5)*10"(9) ; TCa=RCa*c;
A=1.2%10"5;sigma=120;mu=450;
for j=1:m
for i=1:n-1
v(nx(j-1)+i+1)=v(nx(j-1)+i)+taux(kx(v(nx(J-1)+i)-vr)*(v(n*(G-1)+i)-vt)-u(nx(j-1)+i))/C+RxIc(n* (]
— —1)+i);
u(n*(G-1)+i+1)=u(n*(j-1)+i)+tauxax(bx(v(n*(j-1)+i)-vr)-u(n*(j-1)+i));
y(nx(j-1)+i)=30xexp(-(i-mu)."2/(sigma*x1043))-8;
if v(nx(j-1)+i)>=vt
v(nx(j-1)+i+1)=2*vpeak*exp((-1)/Tk)-40;
u(n*(3-1)+i+1)=u(n*(j-1)+i+1)+d;
if v(n*(j-1)+i+1)<-35
v(n*(j-1)+i+1)=vr;
s=n*(j-1)+1i;
sigma=120+50*rand () ;mu=450+50*rand();
end
end
v(nx(j-1)+i)=v(n*(j-1)+i)+y(n*(j-1)+1i);
end
v(n*(j-1)+2)=35;
end
v(1:50)=-80;v(51)=30;
z=zeros(1,size(diff(v),2));
x=find(diff(v)>30);
for i=1:size(find(diff(v)>30),2)
z(x(i))=20;
end
x=find(diff(v)<-20);
for i=1:size(find(diff(v)<-20),2)
z(x(i))=-20;
end
C=100;vr=-60;vt=-40;k=0.7;a=0.03;b=-2;c=-50;d=100; vpeak=35; tau=0.13;
U=zeros(1,n*m);vize=vr*ones(1,n*m);uize=0*vize;vizi=vr*ones(1,n*m);
uizi=0*vize;I=70*ones(1,n*m);
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for i=1:(n-1)*m
if v(i)>vt
U(i)=20;
end
vize(i+1)=vize(i)+taux(k*(vize(i)-vr)*(vize(i)-vt)-uize(i)+I(i))/C;
uize(i+1)=uize(i)+tau*ax(bx(vize(i)-vr)-uize(i));
vizi(i+1)=vizi(i)+taux(kx(vizi(i)-vr)*(vizi(i)-vt)-uizi(i)+I(i))/C;
uizi(i+1)=uizi(i)+tau*xa*x(b*x(vizi(i)-vr)-uizi(i));
if z(i)==20
vize(i)=vpeak;vize(i+1)=c;uize(i+1)=uize(i+1)+d;
xline(i/1000,'--k', 'linewidth',1); hold on;
end
if z(i)==-20
vizi(i)=vpeak;vizi(i+1)=c;uizi(i+1)=uizi(i+1)+d;
xline(i/1000, '--m', 'linewidth',1); hold on;
end
end
beta=0;alpha=0;e=0;
for i=1:(n-1)*m
v_beta(i)=2*vpeak*(exp(0.01x(beta-i)));
if vize(i)==vpeak
beta=i;
end
v_alpha(i)=2*vpeak*(exp(0.01*(alpha-i)));
if vizi(i)==vpeak
alpha=i;
end
end
e=min(find(vize==vpeak));
v_beta(1:e)=0;
e=min(find(vizi==vpeak));
v_alpha(1:e)=0;
plot((1:n*m)*0.001,v(1:n*m),'b"', (1:n*m)*0.001,vize(1:n*m)-150, 'k', ...
(1:n*m)*0.001,vizi(1:n*m)-280, 'm', ...
(1:n*m)*0.001,v_beta(1:n*m)-430, 'k', (1:n*m)*0.001,v_alpha(1:n*m)-530,
(1:n*m)*0.001,U(1:n*m)-620, 'r', 'linewidth',2)
set(gca, 'linewidth',1, 'fontsize',12, 'fontname', 'times');
xlabel('Time (seconds)')
ylabel('Membrane Potential (mV)');
set(gca, 'Box','on");
% gtext('(a)', 'fontsize',12, " 'fontname', 'times');
% gtext('(b)"', 'fontsize',12, " 'fontname', 'times"');
% gtext('(c)', 'fontsize',12, " 'fontname', 'times');
% gtext('(d)"', 'fontsize',12, " 'fontname', 'times');
% gtext('(e)', 'fontsize',12, " 'fontname', 'times"');
% gtext('(f)"', 'fontsize',12, " 'fontname', 'times"');
% gtext('DI', 'fontsize',12, 'fontname','times');
% gtext('APD', 'fontsize',12,'fontname', 'times');
set(gcf, 'Units', "inches');
screenposition=get(gcf, 'Position');
set(gcf, 'PaperPosition',[@ @ screenposition(3:4)1,...
'PaperSize',[screenposition(3:4)1);
print -dpdf AP_Izh_Cardiac_Synchro.pdf

m', ...

Potential and Adrenergic Neurons
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Cardio-Neural Network and Heart Rate Variability

CardioNN.m simulates the cardio-neural network of 1000 cells, detects the heartbeats and
computes the heart rate variability, giving Figure 5.29.

CardioNN.m MATLAB

1 clc; clear all;
2 Ne=1000; Ni=0;n=Ne+Ni;re=0.2*rand(Ne,1); ri=0.1xrand(Ni,1); 2
3 a=[0.02%xones(Ne,1); 0.02+0.08*ri];b=[0.2%xones(Ne,1); 0.25-0.05*ri];

4 c=[-65+15%re.”*2; -65*ones(Ni,1)];d=[8-6*re.*2; 2*ones(Ni,1)];firings=[];

5 S=[0.5*rand(Ne+Ni,Ne), -rand(Ne+Ni,Ni)];v=-65*ones(Ne+Ni,1);u=b.*v;n=5000;
6 for t=1:n

7 I=[3.34*randn(Ne,1);1.5*%randn(Ni,1)];

g fired=find(v>=30);

o firings=[firings; t+0xfired,fired];

10 v(fired)=c(fired);

11 u(fired)=u(fired)+d(fired);

12 I=I+sum(S(:,fired),2);

13 v=v+0.5%(0.04*v. "2+5%v+140-u+I);

14 v=v+0.5%(0.04*v. " 2+5xv+140-u+I);

15 u=u+a.*(b.*v-u); 4
16 x(t)=size(fired,1);

17 if x(t)>=200

18 x(t)=700+300*rand();
19 end

20 if x(t)<20

21 x(t)=15%x(t);

22 end

23 end

24 g=zeros(1,size(x,2));
25 for i=1:size(x,2)

26 if x(i)>500

27 g(i)=1000;

28 end 6
29 end

30 y=find(diff(g)==1000);a=zeros(1,size(y,2)-1);
31 for i=1:size(y,2)-1

32 a(L)=y(i+1)-y(i);
33 if a(i)<50

34 a(i)=o;

35 end

36 end

37 Beats=size(find(a>50),2)+1;

38 z=find(a>0Q);

39  for i=1:Beats-1

40 z(i)=a(z(i))/1000;

41 end

42 beats=zeros(1,Beats);beats(1)=y(1)/1000;
43 for i=1:Beats-1

44 beats(i+1)=beats(i)+z(i);

45 end

46 HRV=zeros(1,size(z,2)-1);

47 for i=1:size(HRV,2)

48 HRV(i)=abs(z(i+1)-z(i));
49 end
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50 Time_Indices=beats
51 RR=z
52 HRV 1
53  Heart_Rate_Variability=round(var(HRV)*1000)
54 subplot(3,1,1)
55 plot(firings(:,1)/1000,firings(:,2),'.b")
s6 set(gca, 'linewidth',1, 'fontsize',12, 'fontname', 'times');
s7  title('(a)', 'fontsize',12,'fontname’, 'times');
58 xlabel('Time (seconds)', 'fontsize',12,'fontname','times'),...
50 ylabel('Cells', 'fontsize',12, 'fontname', 'times"'); 2
60 subplot(3,1,2)
61 plot((1:n)/1000,x,'b", 'linewidth',2);
62 set(gca, 'linewidth',1, 'fontsize',12, 'fontname', 'times"');
63 title('(b)', 'fontsize',12, 'fontname', 'times');
64 xlabel('Time (seconds)', 'fontsize',12,'fontname’,'times'),...
65 ylabel('Firings', 'fontsize',12, 'fontname', 'times');
66 subplot(3,1,3) :
67  %plot((1:size(x,2)-1),diff(g)>0,'b"', 'linewidth',2);
68 plot((1:size(HRV,2)),HRV,'b', 'linewidth',2);
69 set(gca, 'linewidth',1, 'fontsize',12, 'fontname', 'times');
70 title('(c)', 'fontsize',12,'fontname’, 'times');
71 xlabel('Beats Interval Index (BII)','fontsize',12,'fontname','times'),...
72 ylabel('IBID', 'fontsize',12,'fontname’, 'times'); 4
73 set(gcf, 'Units', 'inches');
74 screenposition=get(gcf, 'Position');
75 set(gcf, 'PaperPosition',[@ @ screenposition(3:4)],...
76 'PaperSize',[screenposition(3:4)1);
77 print -dpdf CardioNN.pdf
g J 5
6
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ABOUT THIS THESIS

How can a computer simulate a brain of one hundred billion neurons, and listen to the heart
at the same time? This thesis proposes a unified hybrid excitable cell model. It combines
an adaptive threshold, neurotransmitter dynamics and adrenergic receptors, so one compact
set of equations reproduces the rich firing patterns of neurons and the electrical activity of
cardiac myocytes.

Validated on recordings from 2191 mouse visual-cortex neurons, the model reaches an 86 %
coincidence factor and an 83 % firing-rate coefficient, ahead of the GLIF, MAT and QIF
models. With neurons coded as bits, a network of 100 billion neurons fits in about 13 GB
of memory. The same model reproduces the cardiac action potentials of eight species, and a
1000-cell cardio-neural network predicts heart rate variability. This lays the computational

groundwork for future brain-heart interfaces.

<Spiking Neural Networks> <Computationa| Neuroscience> <Brain—Heart Interface>

DR. ASIF MEHMOOD

University of Engineering and Technology, Taxila, Pakistan
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